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Abstract

Recent advances in machine learning (ML) have led to remarkable progress in
artificial intelligence (Al), enabling computers to solve previously intractable prob-
lems. While breakthroughs in generative Al, such as large language models and
diffusion-based image generators, have captured public attention, the development
of interactive Al agents remains an emerging frontier. Unlike generative models,
interactive agents are designed to learn from their interactions with dynamic
environments, enabling applications such as robotics, autonomous driving, and
adaptive control. This thesis explores two critical aspects of learning for interactive
Al meta-reinforcement learning (meta-RL) and imitation learning (IL).

In the first part, we address the problem of improving the sample efficiency of
reinforcement learning (RL) algorithms through meta-learning. By developing
novel meta-RL methods, we enable agents to adaptively learn how to learn,
enhancing their ability to assign credit and optimize behavior efficiently. We
introduce a meta-gradient-based approach to adaptively assign credit over time
and present theoretical and empirical insights into the challenges of meta-gradient
estimation. The second part of the thesis focuses on IL in settings where the expert
and imitator have different observations of the environment, leading to what is
known as the “imitation gap”. We propose algorithms to tackle this gap, modeling
the missing information as confounding latent variables or Bayesian priors, and
show that these methods enable effective imitation in complex scenarios.

Overall, this thesis contributes to the development of interactive learning
agents through advances in meta-RL and IL, providing algorithms, empirical
analysis, and theoretical insights. Our work not only advances the efficiency and
adaptability of learning agents, but also lays the groundwork for future research
to build more robust, safe, and generalizable Al systems capable of interacting
effectively with complex environments.
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Abstract

Recent advances in machine learning (ML) have led to remarkable progress in
artificial intelligence (AI), enabling computers to solve previously intractable
problems. While breakthroughs in generative Al, such as large language models and
diffusion-based image generators, have captured public attention, the development
of interactive Al agents remains an emerging frontier. Unlike generative models,
interactive agents are designed to learn from their interactions with dynamic
environments, enabling applications such as robotics, autonomous driving, and
adaptive control. This thesis explores two critical aspects of learning for interactive
AL meta-reinforcement learning (meta-RL) and imitation learning (IL).

In the first part, we address the problem of improving the sample efficiency of
reinforcement learning (RL) algorithms through meta-learning. By developing novel
meta-RL methods, we enable agents to adaptively learn how to learn, enhancing
their ability to assign credit and optimize behavior efficiently. We introduce a
meta-gradient-based approach to adaptively assign credit over time and present
theoretical and empirical insights into the challenges of meta-gradient estimation.
The second part of the thesis focuses on IL in settings where the expert and imitator
have different observations of the environment, leading to what is known as the
“imitation gap”. We propose algorithms to tackle this gap, modeling the missing
information as confounding latent variables or Bayesian priors, and show that these
methods enable effective imitation in complex scenarios.

Overall, this thesis contributes to the development of interactive learning agents
through advances in meta-RL and IL, providing algorithms, empirical analysis, and
theoretical insights. Our work not only advances the efficiency and adaptability
of learning agents, but also lays the groundwork for future research to build
more robust, safe, and generalizable Al systems capable of interacting effectively

with complex environments.
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Introduction

We live in a very exciting time for artificial intelligence (Al) research. Recent
advances in machine learning (ML), which is a prominent subfield of AI, have
enabled novel ways to use computers to solve previously intractable problems.
Among the most captivating examples are human-like chat made possible by large
language models [Achiam et al.; 2023, Brown, 2020], as well as photorealistic
images [Ramesh et al) 2022, Saharia et al. 2022] and lifelike videos [Ho et al.,
2022] generated by diffusion models [Sohl-Dickstein et al., [2015]. The central
drivers behind these advances have been the massive increases in computing power
dedicated to training ML models and the ever-growing size of the datasets used in
training [Hoffmann et al 2022]. As thrilling as these advances are, they mostly
represent the great ability of ML models known as neural networks to fit arbitrary
data distributions and to generate new examples of those data. In contrast, we
are still in the early stages of enabling a more interactive Al, centered on agents,
which can, for example, control robots, safely drive vehicles, and adapt to novel
situations regardless of the setting. The relatively slower progress in training these
agents suggests that it requires going beyond the fitting of static data distributions.
A central topic of research for doing that is learning from the interactions of the
agents with their environments themselves. Although the applications of ML in

these interactive settings have not impacted the public perception of Al quite as



1. Introduction 2

much as generative Al has, significant advances have been made. Among the most
impressive are the game-playing agents that beat the best players in the game
of go and chess [Silver et al 2016, |2017] and the agents that allow more flexible
control of legged robots [Lee et al., [2020]. Furthermore, the algorithms that power
these interactive agents are now used to push the generative Al even further by
interactively fine-tuning the models [Achiam et al., 2023, |Christiano et al.; 2017]. In
this thesis, we present advances in algorithms for learning these interactive agents
in the fields of meta-reinforcement learning (meta-RL) and imitation learning (IL).

This thesis is organized into two distinct but complementary parts, focusing
on meta-RL and the imitation gap problem in IL. While meta-RL and IL are
both approaches for sample efficient learning of interactive Al agents, they address
different facets of the problem. On the one hand, meta-RL focuses on enhancing
the sample efficiency of RL by enabling agents to “learn how to learn” through
their experiences, adapting their learning strategies to maximize rewards over time.
This is crucial in settings where the progress on the task can be easily evaluated,
and therefore the rewards for the agents are clear. On the other hand, IL deals
with scenarios where providing expert demonstrations of the task is more feasible
than specifying complex reward structures. Specifically, we focus on the imitation
gap problem, where discrepancies between the expert’s and imitator’s observations
lead to challenges in directly replicating expert behaviors. While meta-RL is an
important direction in the long term, when Al agents increasingly deal with tasks
for which human experts cannot be found, in the short term ML is dominated
by fitting static task distributions such as demonstrations of expert data in IL.
Therefore, we split the work into two parts, aiming to contribute to both the
short-term and long-term progress in Al. Next, we discuss these problem settings

in detail and our contributions to them.

1.1 Meta-Reinforcement Learning

Reinforcement learning (RL) is a field that studies how to train agents that interact

with the environment and maximize the rewards they collect during the interaction.
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As an example of an RL problem, consider a simulated traffic scenario as the
environment in which the agent takes actions for controlling a car. We want to
train an agent that safely follows a sequence of waypoints while adhering to rules
and cultural norms of traffic. To guide the agent toward the desired behavior, i.e.,
having it choose the best actions in each situation, we have to define a reward
function. This function rewards the agent for achieving waypoints and participating
in the traffic in a social way, but also penalizes it for dangerous behavior. Then we
start the simulation and have the agent choose the actions that control the vehicle.
After we see the outcome of the simulation, we run an optimization algorithm to
change the agent’s behavior to collect as much reward as possible. In principle,
this approach can be used to solve any problem for which a reward function can be
defined [Sutton and Barto| [2018]. In practice, it requires extremely many samples to
find a policy, which maximizes the rewards and thus achieves our desired goals. In
this thesis, we examine methods that improve the sample efficiency of RL algorithms.
More specifically, we consider algorithms that adapt during the data collection to
improve their sample efficiency. This process of learning how to learn is known as
meta-learning and is an active area of research in machine learning [Hospedales
et al.| 2020|, [Huisman et al.| 2021|, [Vanschoren|, 2018]. Our topic, meta-learning
specifically RL algorithms, is known as meta-RL [Beck et all 2023, [Schmidhuber,
1987, |Schmidhuber et al., (1997, [Thrun and Pratt, |199§].

Before moving onto meta-RL, let’s first consider how an RL algorithm learns
from the interactions to see why RL is so data inefficient. In RL, the interaction
between the agent and the environment consists of the agent choosing actions in
different states of the environment and the environment progressing to new states
in response to the actions. The reward function computes the rewards based on the
goodness of the states the agent reaches. In order to maximize the rewards, the
agent has to explore the different states of the environment. In the simulated driving
example above, the states consist of the locations, velocities, and accelerations of all
the traffic participants, as well as the locations and attributes of the lanes and other

static objects that define the static driving scenario. In each state, the agent may
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have hundreds of actions to choose from. The actions may also be continuous. Due
to the continuous simulation of physics, there is an infinite number of states the
agent may be in. It is therefore infeasible for the agent to exhaustively visit all states
to see what rewards it may get. Furthermore, since we care about driving behavior
throughout the interaction, we are not looking for the single most rewarding state
the agent may reach, but instead maximizing the sum of rewards the agent incurs,
also known as the return. To learn a policy that maximizes the return, the agent
has to learn to recognize which states are similar to each other, choose which states
are worth exploring further, and how to accurately assign credit for the rewards
it receives in the future to the actions it took in the past. Therefore, solving the
RL problem is much harder than a simple search over the state-action space and
requires a large number of samples to first accurately estimate the returns and
then learn a policy which maximizes them.

A popular category of RL algorithms that tackle these problems is known as
policy gradient methods. Policy gradient methods directly model the policy, i.e., the
probability distribution of the actions the agent takes in each state, with a function
approximator such as a neural network. Given some estimate of the return, the
policy gradient methods do stochastic gradient ascent on the policy parameters to
maximize the probability of choosing actions that maximize the return. Due to the
intractable number of possible trajectories the interaction may take, policy gradient
methods need to rely on many approximations of the returns and other quantities
involved in the optimization. A sample-based Monte Carlo estimate of the return
works in theory but has a high variance in practice, which further increases the
sample complexity of learning a good policy. To reduce the variance and, therefore,
lower the sample complexity, the user can choose return estimates that trade off
variance for increased bias. One option is to choose a different credit-assignment
heuristic, which does not treat all future rewards equally. Different credit assignment
heuristics have been studied in the history of RL [Schulman et al., 2015| Sutton| 198§],

but a single best way to do it throughout the training of an agent has not emerged.
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To develop a more sample efficient RL algorithm, instead of manually choosing
a static credit assignment heuristic, in |chapter 4] we propose a meta-RL method to
adapt the heuristic during learning. This has the advantage that the credit can be
assigned differently depending on the state of training of the agent. For example,
considering only the short-term consequences of the actions at the beginning
of training can enable the agent to get off the ground and start exploring the
environment more effectively. As learning proceeds and the agent masters the basic
dynamics of the environment, it may be beneficial to extend the credit assignment
horizon to account for the rewards far in the future. We enable this adaptive credit
assignment by parameterizing the credit assignment function with meta-parameters
that are tuned by another learning algorithm online. This constitutes a bilevel
optimization setting, where the inner learning algorithm, also known as the inner-
loop, is a policy gradient algorithm using the parameterized credit assignment
function. To achieve the goal of maximizing the returns collected by the policy,
the outer algorithm optimizes the meta-parameters to improve the returns as much
as possible in every iteration of the inner-loop. We do this by computing the
gradient of the return of a policy updated by the inner-loop with respect to the
meta-parameters. Because the outer-loop computes another gradient of a return,
we use what is effectively a policy gradient method as the outer-loop algorithm as
well. The gradient of the return of the updated policy w.r.t. the meta-parameters is
often referred to as the meta-gradient. We show that using meta-gradients to learn
the adaptive heuristic can significantly improve credit assignment over commonly
used heuristics in difficult credit assignment scenarios with delayed rewards and
that it can be used with low overhead in high-dimensional environments.

In addition to learning credit assignment heuristics, meta-gradients can be used
to learn many other kinds of meta-parameters, such as the initial parameters of
the policy in multi-task settings |[Finn et al., 2017a] or even inner-loop parameter
updates fully represented as neural networks [Oh et al., 2020]. In |chapter 3|

we present a survey of meta-RL methods using this approach. We discuss the
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different problem settings meta-gradients have been studied in, cover the various
meta-parameterizations, and discuss challenges in estimating the meta-gradients.

In [chapter 5 we take a deeper look at the estimation of meta-gradients. When
learning the meta-parameters online during the learning of the policy, we need to
decide how often we update the meta-parameters. Updating the meta-parameters
often results in a myopic approximation of the meta-gradient, which ignores the
long-term consequences of the inner-loop parameter updates. Alternatively, we
may choose to update the meta-parameters less often, resulting in a more difficult
gradient approximation problem but accounting for the long-term effect of the
updates. An additional challenge in the estimation of the meta-gradients is that
the data we use for computing them depend on the policy that is being updated by
the meta-gradients. Correct accounting of these dependencies has been a popular
subject of research and has caused some confusion in the field |Al-Shedivat et al.,
2017, [Fallah et al., 2021, Tang, 2022]. Choosing how to account for the effect of all
of the policies computed by the inner-loop during the optimization results in a bias-
variance tradeoff in the meta-gradient estimation. We provide theoretical results
dispelling some of the confusion around the correct estimation of the meta-gradients

and provide an empirical study on the bias-variance tradeoff.

1.2 Imitation Learning

IL is a closely related topic to RL that also studies interactive agents. Instead
of maximizing rewards, IL. agents are trained to mimic behaviors demonstrated
by some experts. To extend the driving example above, consider recordings of
professional human drivers making their way through the scenario efficiently and
safely. An IL algorithm would take these demonstrations and fit a machine learning
model to maximize the probability that it takes the same actions in the same states
as the humans did. Similar algorithms that resulted in the remarkable advances in
AT by fitting data distributions discussed above could be employed here. Compared
to the rewards in RL, the expert demonstrations contain a much less noisy signal of

the desired driving behavior. Therefore, IL algorithms can learn effective policies
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using fewer training resources than their RL counterparts. However, fitting a static
data distribution using an ML model is an inherently limited approach to solving
interactive problems and results in different kinds of failure modes of IL [Ortega
et al, [2021} Ross et al.; 2011, |Weihs et al.| 2021]. In this thesis, we look at particular
kinds of failure in which the experts providing the demonstrations observe the world
differently than the imitators. This results in situations where the imitator cannot
know the information that lead the expert to choose its actions and can result in
random behavior. This problem is known as the imitation gap.

This difference in the observations can arise in the case where the expert
has superior sensors to view the world through compared to the imitator. For
example, think of a human driver providing demonstrations to learn a driving
policy. The driving policy may be limited by sensors that do not have the same
richness as human senses. As a result, the expert may base its action choices
on information that is not available to the imitator. In [chapter 7], we consider
this additional information available to the expert as a confounder in a causal
graph [Pearl, 2009]. In this case, in order to successfully imitate the expert, the
imitator has to consider the information it gathers throughout its interaction with
the environment. Naively maximizing the likelihood of expert actions in this model
results in causal delusions |Ortega et al., 2021], which can cause the imitator to
fail. We propose to circumvent this problem by learning a separate inference model
for the confounding information and condition the imitator on the inference. We
show that this approach converges to the optimal imitator in theory under strong
assumptions. Furthermore, we develop a practical method for learning the inference
model and imitator in conjunction and show that it is able to learn successful
imitators in complex environments where competing approaches fail.

This problem becomes even more difficult if the environment cannot be safely
explored by trying the different policies corresponding to the inferred latent. For
example, if the driving policy acts on the mistaken inference that the road is free of
ice when, in fact, it is not, the policy may drive too fast and cause a collision. In

such a case, some other source of information is required to learn safe behavior for
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exploring the environment in addition to the expert demonstrations. In [chapter §]
we propose a Bayesian approach to the imitation gap problem, where we model the
extra information as a Bayesian prior over the possible behaviors. We show that
in theory, our method converges to a policy that is optimal in a Bayesian sense of
incorporating the information from the prior and demonstrations into its behavior
as well as possible. Based on these theoretical insights, we develop a practical
algorithm that learns the Bayes-optimal policy. We demonstrate the effectiveness

of the algorithm in multiple imitation gap problems.

1.3 Contributions

The contributions of this thesis are divided into two parts. In the first part, we
tackle the meta-RL problem, where we use meta-learning to develop more sample
efficient RL algorithms. In the second part, we look at the imitation gap problem
in IL. We present algorithms that enable learning the desired imitators when the
expert observes the world differently from the imitator, i.e., imitation learning
in the imitation gap setting. Next, we present the structure of the thesis discuss
the original contributions it includes.

This thesis is divided into nine chapters as follows.

. is this chapter, in which we motivate the work conducted in this
thesis, introduce the meta-RL and imitation gap problems on which this thesis
focuses, and provide a high-level summary of the work conducted as part of

this thesis.

. presents the mathematical definitions of the settings of the RL,
meta-RL, and IL problems and describes the standard concepts and algorithms

on which the contributions of this thesis are based.

consists of three chapters that cover the contributions this thesis makes to
meta-RL.
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. provides a deeper look at meta-gradient learning for meta-RL in
the form of a literature review. In the review, we survey different meta-gradient
estimators, and meta-parameterizations optimized by those algorithms. This

review is based on the meta-RL survey paper [Beck et al.| 2023].

. presents the first algorithmic contribution of this thesis. In it, we
describe a meta-parameterization for credit assignment in RL and a meta-
gradient algorithm for adapting the meta-parameters online. This chapter is

based on a paper published at AAAT Conference [Zheng et al., 2021].

. takes a deeper look at the estimation of meta-gradients. In it, we
provide an analysis dispelling some misunderstandings about the bias-variance
tradeoff in meta-gradients and conduct an empirical study to identify the
Pareto frontier of the tradeoff. This chapter is based on a paper published at
the NeurIPS Deep RL Workshop [Vuorio et al., 2021].

consists of three chapters that present the contributions this thesis makes

to solving the imitation gap problem.

. is a literature survey on imitation learning and the imitation gap

problem.

. presents an algorithm to learn imitators in an imitation gap
problem setting, where the extra information available to the expert is modeled

as a latent confounder in a causal graph. This chapter is based on a paper

published in TMLR [Vuorio et al., 2024b].

. presents an algorithm for a slightly different imitation gap
setting where another source of information is required in addition to expert
demonstrations. We model this information as a Bayesian prior. This chapter

is based on a paper published as an arXiv preprint [Vuorio et al.| 2024a)].

Finally, we conclude the thesis in where we discuss the contributions

made in this thesis and point out promising directions for future work.
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In this chapter, we introduce the mathematical and algorithmic background
of this thesis. This includes a description of the central mathematical models of
Markov decision processes (MDP) and the relevant variants of contextual MDPs
(CMDPs) and partially observable MDPs (POMDP). In addition to the problem
settings, we describe some of the central RL, meta-RL, and IL algorithms that
the work presented in this thesis is based on. The treatment of the mathematical
concepts and algorithms in this chapter is necessarily somewhat superficial, but we
provide pointers to original works and other materials for the interested reader. We

provide any necessary chapter-specific background in the respective chapters.
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2.1 Reinforcement Learning

The RL problem is learning an agent that maximizes the expected value of the
rewards it gets when it interacts with an environment. RL is a popular framework
for studying real-world agents controlling physical systems such as robots as well
as virtual ones such as language models. We use the RL framework and concepts

from RL throughout the thesis.

2.1.1 Problem Setting

Markov Decision Process The RL problem setting commonly considers a
Markov decision process [Bellman) |1957, Sutton and Barto, 2018, MDP] as the
model for the environment. The eponymous Markov property helps make the MDP
a practical setting for developing RL algorithms. This means that the state of the
environment depends only on the previous state and none of the states preceding
it. This greatly reduces the number of dependencies that need to be considered
to optimally select an action, which makes the problem more tractable in theory

and in practice. Formally, an MDP is defined as a tuple

M = <87 Aap(st-i-l'*sta at)ap(s())v T(Sta at)a 7)7 (21)

where § and A denote the state and action spaces respectively, p(s;11|s¢, a¢) the
transition dynamics, p(sg) the initial state distribution, r(s;, a;) the reward function,
and v € [0,1) a discount factor. We denote a sampled reward r. The agent is
modeled as a policy m(a|s), which defines the probability of actions in a state. In the
remainder of this chapter, we consider discrete distributions for the MDP and policy,
but continuous variants are easily found by substituting the appropriate densities. In
the empirical chapters, we consider both discrete and continuous MDPs and policies.

The agent starts its interaction with the environment in an initial state sg
sampled from the initial state distribution p(sg). Given a state s;, the policy defines
the distribution over action probabilities 7(a;|s;). An action a; is sampled from
the policy and fed to the environment. Given the previous state and an action,

the next state is sampled from the dynamics distribution s;1 ~ p(s;11|ss, a;). The
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agent receives the next state s;11. A corresponding reward r;,; is computed by the
reward function. Depending on the specifics of the environment, the reward function
may be deterministic or stochastic and it may depend on the full transition, e.g.,
Ter1 = 7(8¢, Gg, S¢41), or only on some elements of it. However, an important attribute
of a reward function in an MDP is that it is Markovian, i.e., the reward only depends

on the current state (or transition) and not on the path of how the agent got there.

Contextual MDPs Besides regular MDPs we look at learning policies in a
setting where the agent faces a different initially unknown MDP at every episode.
We model this problem setting as a contextual MDP (CMDP) [Hallak et al.
2015]. Formally, we use a definition for a CMDP closely related to the MDP

definition given by |equation (2.1)f

M(0) = (S, A, p(sis1lse, ar, 0), p(s0), (st ar), ), (2.2)

where the dynamics distribution is parameterized by a context # with an underlying
distribution p(#). In our setting, we assume that all the tasks in the CMDP have
a common goal and therefore the reward function is independent of #. This can
model for example situations like driving in an intersection where the goal is to
always cross the intersection quickly but safely but the traction of the road surface
and therefore the safe maximum speed varies. We give the remaining definitions in
this chapter assuming a non-contextual MDP but discuss their context-dependent

variants later as appropriate.

Partially Observable MDPs Another common environment variation in RL
research is the Partially Observable Markov Decision Process (POMDP) |Astrom,
1965, |[Kaelbling et al., [1998]. POMDPs are characterized by the tuple

M = <Sa Aap(st+1|8t7 at)v T(Sta at)a Qa O(St>7 7>7 (23)

where (2 is the observation space and O : § — P(2) is an observation function. In
a POMDP, the agent observes the environment through the observation function

O, which maps states to probability distributions over the observation space 2.



2. Background 13

Partial observability may result, for example, from the limited field of view of the
sensors in a self-driving car. To safely navigate through an intersection, a driving
agent with a restricted field of view may need to drive more cautiously than an
agent with full observability, allowing extra time to stop the car if an initially

obscured vehicle with the right of way becomes visible.

Trajectories and Episodes An agent’s interaction with the environment defines
a state-action trajectory 7; = {sg, ag, $1, a1, ... }. Depending on the specific MDP
considered, the duration of the interaction of the agent with the environment
may be fixed or variable and it may be finite or infinite. The probability of a

trajectory is given by

Papa(r) = p(s0) ﬁ w(adls)p(sealse, ar). (2.4)

It is sometimes convenient to include terminal states, which mark the end of
meaningful interaction between the agent and the environment and as a result the
accumulation of rewards stops. In the variable length case, entering these states
terminates the trajectory. In the fixed length case, a sink state may be introduced,
which the agent enters from the terminal state and which only transitions back
to itself regardless of the action. The reward function typically returns zero for
any action in the sink state, which terminates the agent’s need to consider future
rewards even if the trajectories continue infinitely. A trajectory starting from an
initial state and terminating in a terminal state or after the fixed number of steps

T has passed is often termed an episode.

RL Objective We focus on policies with parameters n € R%. The goal in
reinforcement learning is to optimize the policy, or its parameters, to maximize

the expected discounted return

) = Byt | 30| 25)

where the expectation is with respect to the distribution of infinite length trajec-

tories defined by the MDP M and the policy defined by the policy m, as given
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by lequation (2.4)l The discount factor + is required since the infinite sum of rewards

may not converge. The discount factor determines the effective horizon of future
rewards the agent needs to consider when choosing actions. It can be thought
of as representing the uncertainty about whether the agent has to be reset after
a timestep ¢, e.g., a robot falls over and is unable to continue its task [Sutton
and Barto|, [2018]. Because changing the discount factor can change the optimal
policy for the MDP, we include the discount factor in the definition of the MDP.
For brevity, the return on the trajectory 7 is written as R(7) = 302,77 (s, ay),

where ¢ indexes the states and actions on 7.

2.1.2 RL Methods

Value Functions Developing RL algorithms requires being able to compare
the expected returns achieved by different policies in different states and after
taking different actions. Value functions are the central abstraction in RL for this

purpose [Sutton and Barto, 2018]. A state-value function V7 is defined as
V™(s) = Erm [Z Yr(se, ar)|so = 51 , (2.6)

t=0
where the first state from which the return is computed is fixed as s and the policy
7 is followed afterwards. A corresponding action-value function Q™ is defined as
Q" (s,a) = Ex m [Z Yr(se, ai)|so = s, a0 = a] : (2.7)
t=0

where both the initial state sy and the first action following it ay are fixed to
the inputs and the policy 7 is followed after the first transition. Another useful

expectation is captured by the advantage function defined as
A (s,a) = Q" (s,a) — V7 (s), (2.8)

which measures how much better in expectation it is to take the action a in
state s than following the policy 7 from the state. For brevity we omit the
superscript m on V', ), and A, whenever the policy defining the value functions

is clear from the context.
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Policy Gradients A big category of algorithms for maximizing the RL objective

given by [equation (2.5)|is centered around directly estimating the gradient of the

objective with respect to the policy parameters. This gradient is known as the

policy gradient and can be stated as

Vi (n) o< Ex, i [Q(s,a)Vy log my(als)] . (2.9)

This simple expression belies a nontrivial result known as the policy gradient
theorem [Marbach and Tsitsiklis| 2001, [Sutton et al., [2000], which proves that the
policy gradient is an unbiased estimator of the gradient of the performance of
the policy in an MDP. The nontrivial part is showing that the policy gradient
correctly accounts for the effect the policy has on the state visitation distribution.
For a detailed derivation on the policy gradient theorem we recommend |Weng

[2018] and |Sutton and Barto [2018].

Typically, the expectation in lequation (2.9)| cannot be evaluated exactly and

is instead approximated from samples by

V,J(n,D) = x > V,logm,(als)Q(s, a), (2.10)

| ‘ s,a€D

where D is a batch of N transitions (s, a, r) collected with the policy 7. To compute
this stochastic update in practice, the action-value Q(s, a) needs to be estimated
via, e.g., a truncated sample of the return or a suitable function approximator.
We sometimes overload the notation for the policy and write 7(7) to denote
the product of action probabilities defined by the policy over the trajectory. In
this case, we use an alternative expression for the policy gradient for convenience:

E., [R(1)Vylogm,(7)]. This remains unbiased but technically has higher variance

than the one given by lequation (2.10)| due to the terms in the product multiplying

the full return along the trajectory. In practice, due to the causal structure of the
MDP, where the next state s;; only depends on the current state s; and action ay,

the extra terms can be safely ignored without introducing bias [Weng, 2018|.
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Baseline and Advantage Functions The variance of the policy gradient can
be reduced by subtracting a baseline function b(s) from the action-value in the

policy gradient
V(1) o< B, [(Q(s, @) — b(s))V, log m, (als)] (2.11)

The baseline does not introduce bias to the policy gradient as long as it does not
depend on the action taken by the policy or otherwise change the expectation.
A convenient choice for a baseline, which does not add bias, is the state-value
function V(s). Using V(s) as the baseline makes the multiplier for the gradient
term in the policy gradient expression equivalent to the advantage function A(s,a).

The policy gradient with advantage is then
Vo J (1) o< Er, a [A(s,a)V,log my(als)] . (2.12)

For a discussion on baselines and the variance of policy gradient estimators, see
Greensmith et al. [2004].
In practice, the true value function V' is usually not known. Instead, a Monte-
Carlo approximation v may be used instead. This leads to a MC estimation of A:
AMC(SO, ag) = thr(st, a;) — v(sp). (2.13)
t=0
However, this advantage estimator generally suffers from high variance. To reduce
the variance, an eligibility trace parameter \ introduced by the TD(\) algorithm |Sut-
ton, |1988] may be used. This results in a new return estimator, called A-return,
which is a weighted sum of the n-step truncated returns, where the bias from
truncation is corrected by adding the estimate of the value in the state after n-steps.
The corresponding A-estimator for advantage is
A(A)(Soa ag) = Z(”Y)\)té(sta a), (2.14)
t=0
where (s, a;) = r(s¢, ay) +yv(sy) —v(si—1) is the TD-error at time ¢. This estimator
recovers the MC estimator when A = 1. For a full derivation of the A-estimator

and other advantage estimators see Schulman et al.| [2015].
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2.2 Meta-Reinforcement Learning

RL algorithms, such as the policy gradient methods introduced above, are notoriously
sample inefficient. In this thesis, we look into learning more sample efficient learning
algorithms as one idea for reducing this inefficiency. We adopt a meta-RL setting,
where an RL algorithm has some meta-parameters that can be learned via gradient
descent on a meta-learning objective. More specifically we consider the widely
studied case where both the RL algorithm being learned and the meta-learning
algorithm are policy gradient algorithms [Al-Shedivat et al., 2017, [Fallah et al.|
2020, Finn et all |[2017a]. We often refer to the inner RL algorithm as the inner-loop

and the outer RL algorithm correspondingly as the outer-loop.

Update Function The inner-loop defines an update function U, which computes
updates to the parameters of a policy and is itself parameterized by the meta-

parameters ¢. We consider update functions of the form
Uys(n, D) : R x {(S, A R)}V — R, (2.15)

where D is a batch N transitions (s,a,r). Sometimes it is convenient to consider
batches consisting of whole trajectories 7. For example, a simple update function
is 't =n' + Uy(n', D") = 0" + ¢V, J (0", D'), where the meta-parameter ¢ € R is
the learning rate of a stochastic policy gradient update, and 7 indexes the sequence
parameters starting from the initial policy parameters and updated using Uy. In

general, the meta-parameter ¢ can have an arbitrary number of dimensions.

Meta-RL Problem Setting The meta-RL problem setting considers a distribu-
tion of tasks p(M), which are modeled as MDPs [Beck et al., 2023]. In the beginning
of each task, the agent does not know which task it is in and it has to explore the
environment and adapt its policy according to the rewards it receives. Therefore, a
single Markovian policy, like those learned using policy gradient methods described
above, is not enough to solve a general meta-RL problem. Instead, the inner-

loop represents a whole RL algorithm, which controls how to change the policy
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in response to the data it receives. The performance of a meta-RL algorithm is
measured by the returns it receives in expectation across the whole task distribution.
The meta-RL objective can be stated as

T(0) = Esvtan|[Bn| 3 RO

T€EDK.H

U, MH : (2.16)

where the inner expectation is taken over data sampled with all of the policies
along the update trajectory so far, as each n* depends on all of the previous data
through Uy, the index K represents the index of the first trajectory collected by
the inner-loop that counts toward the meta-RL objective, and H determines how
long the inner-loop interacts with the environment for. K and H are referred to
as the shot and task-horizon or lifetime of the meta-RL problem respectively. The
shot K is introduced, because sometimes it is useful to allow the inner-loop some
free exploration in the beginning of the interaction with the new task before its
performance starts counting toward the outer-loop objective. The trajectories 7 are
sampled from the MDP M" with the policy 7,, whose parameters are produced

by the inner-loop update function U,.

2.2.1 Meta-Gradients

The gradient of the meta-RL objective given by [equation (2.16)| w.r.t. the meta-

parameters is often known as the meta-gradient. Estimating meta-gradients has been
an active area of research, which we survey in and analyse more deeply
in [chapter 5| Here, we present an unbiased meta-gradient estimator originally
derived by |Al-Shedivat et al. [2017].
The Hth parameter in a sequence of parameter updates produced by the
update function Uy is
H-1
=0+ ZO Us(n', D"), (2.17)
where the D' are random variables representing the batches the updates are

computed on. The probability of the batch is p,(D) = [I,ep py(7). The policy

parameters 1’ for i > 0 depend on the initial parameters 1°, the meta-parameter
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¢, and the data and are therefore random variables too. Since the meta-gradient
estimation does not interact with the task selection we ignore the task distribution
in the following. In practice, the task distribution is simple to account for by taking
an expectation over it when meta-learning in a multi-task setting. An unbiased
meta-gradient estimator for the objective in equation [2.16| with K = 0, on the

sequence of updates in equation [2.17] can be stated as follows:
H
Vodu(9) =V D Epyna [Eprnh(T) [R(7 )]]
h=0

H h—1
=Y E (piyn- K > VoV, 10g pys (D7) + Vgn"V n 1og pyn (1) ) R(T)], (2.18)
=0

sampling correction direct meta-gradient

h=0  rrp 1i(7)

where Vyn € R%>* is the derivative w.r.t. ¢ of the sequence of updates resulting
in n". The terms of the sum Z?;é V1P Vi log p,i (D7) give the sampling correction
that assigns credit from the experience collected with the updated policy directly
to the earlier policies. We separate the sampling correction and direct meta-
gradient terms because the former is often omitted from practical meta-gradient
estimators. The bias-variance tradeoff resulting from the omission is further
discussed in [chapter 5| Following from the additive sequence of updates in
equation [2.17, we can expand Vyn" as
h—1
Vo = Vi + Z%) <V¢U¢(U1,Di) + V¢ﬁivniU¢(ﬁi>Di)>- (2.19)
An influential meta-gradient algorithm, model-agnostic meta-learning (MAML) [Finn
et al., 2017a], considers the initial parameters of the policy the meta-parameters:
¢ = n°. Therefore, in MAML and related algorithms, V4n° can be nonzero.
The terms of the form V4"V, logp,n () are the product of the derivative of
the hth policy parameter w.r.t. the meta-parameters and the standard policy
gradient w.r.t. n".
A common heuristic used by meta-gradient methods is to apply a policy gradient
algorithm directly on the returns Y1 - R(7;,) [Finn et al., 2017a, Xu et al., 2020].
However, this does not compute exactly the same meta-gradient as derived above

because it does not include the sampling correction terms. As found by [Fallah et al.|
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Figure 2.1: Often in many-shot meta-RL, the meta-parameters ¢ parametrize a policy
gradient objective function Jy, which is used for updating the parameters of the policy 7.
This incorporates the inductive bias of a policy gradient algorithm into the inner-loop,
which helps improve policies over long trials. The outer-loop updates the meta-parameters
after a number of inner-loop updates. The number of inner-loop updates between each
outer-loop update depends on the specifics of the problem setting and method.

2020, [Stadie et al.| [2018] and verified in [chapter 5|, the bias resulting from omitting
the sampling correction terms can sometimes be detrimental to the meta-learning

performance but the high variance of the unbiased estimator often dominates.

Evolution Strategies for Meta-Gradient Estimation A popular alternative
for computing the meta-gradient via backpropagation is to use a black box optimiza-
tion method called Evolution strategies (ES) [Rechenberg) 1971, |Schwefel, [1977].
ES for meta-RL works by sampling a set of candidates for the meta-parameters ¢
from a parameterized distribution: py(¢). Then, ES approximates gradient ascent

using a score function estimator [Williams, 1992] of the meta-RL objective given

by lequation (2.16)l This corresponds to optimizing a smoothed version of the

true objective. Using ES can result in a lower variance meta-gradient estimate,
because the objective surface for meta-RL with many inner-loop updates may not
be smooth [Metz et al. |2019]. However, ES has the drawback that its sample
complexity scales linearly with the dimension of the optimized parameters [Nesterov:

and Spokoiny|, 2017].

2.2.2 Many-Shot Meta-RL

Lots of research has been conducted on the few-shot meta-RL setting, where the goal

is to produce a policy for a new task after a handful of episodes. In contrast, in[part I}
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we focus instead on a many-shot meta-RL setting, where the inner-loop may interact
with the task for tens of thousands or more episodes. In many-shot meta-RL, the
meta-parameters ¢ typically parametrize a policy gradient objective function Jy,
which is used to update the policy parameters 7 in the inner-loop. The goal is to
improve the policy over long optimization runs, sometimes referred to as trials, where
the meta-parameters are updated after a series of inner-loop updates. This setup
contrasts with few-shot meta-RL, where adaptive policies learn to solve unseen tasks
in only a few episodes by leveraging task distribution knowledge. For more complex
task distributions, few-shot approaches may struggle, requiring many-shot methods
that resemble standard RL algorithms to improve sample efficiency. Multi-task
many-shot meta-RL aims to learn algorithms capable of quickly adapting to new
tasks across a broader range of task distributions, optimizing meta-parameters after
multiple inner-loop updates. For example, |Oh et al. [2020] use a many-shot meta-RL
algorithm to learn an objective function in the inner-loop, which generalizes from
a set of simple MDPs to computer games on the Atari console.

Learning inner-loops that work over many updates is computationally demanding,
because backpropagation through the sequence of updates usuallly requires storing
the entire inner-loop in memory. Furthermore, meta-gradients over long sequences of
updates may have high variance. Due to these limitation, surrogate objectives based
on truncated trials are often used to update meta-parameters, which introduces
bias but remains practical. The pseudocode for many-shot meta-RL
illustrates the iterative process of inner-loop updates followed by meta-parameter

updates. To provide further intuition, we present the algorithm visually in [figure 2.1}

Single-Task Meta-RL Besides solving more complex task distributions, many-
shot meta-RL is useful as a tool for accelerating regular single-task RL. We refer
to this setting as single-task many-shot meta-RL. In this setting, meta-learning
improves sample efficiency during training by updating the meta-parameters while
the policy continuously evolves throughout the agent’s lifetime. Unlike multi-task

methods, which re-initialize policy parameters for each task, single-task approaches
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Algorithm 1 Many-Shot Meta-Learning for Reinforcement Learning

1: Initialize meta-parameters ¢

2: Sample a batch of tasks M* ~ p(M)

3. Initialize policy parameters 7 for each task M"

4: Set j =0

5: while not done do

6: for N iterations do

7: for each task M’ do

8: Collect data D} using the policy Ty

9: Update policy parameters: 1., = 0t + aV,: J,(D:, 7, )
10: end for " ’ " T
11: J=7+1
12: end for
13: Update meta-parameters: ¢ <— ¢ + V4>, J(D;-, 7'('77;)
14: For tasks ¢ for which the trial has concluded, re-initialize the policy

parameters 7, and sample new tasks M’ ~ p(M).
15: end while

maintain a single set of parameters. As the policy changes, the non-stationary
nature of the training environment presents a unique challenge. The algorithm
template given by can be applied in the single-task case by choosing a
task distribution with only one task and choosing the N such that the inner-loop

is updated regularly. We study single-task meta-RL methods in [part 1|

2.3 Imitation Learning

So far, we have focused on RL, where an agent interacts with the environment
and learns to maximize the expected rewards it collects during its interaction with
the environment. Besides the sample inefficiency issue discussed above, RL can be
challenging to apply due to the difficulty of defining good reward functions. Luckily,
when demonstrations of the desired behavior are available, learning policies directly
from the demonstrations may be possible and some approaches are computationally
more efficient than RL. Learning from demonstrations is alternatively known as
imitation learning. Next, we consider different kinds of imitation learning approaches
relevant to this thesis. In [section 2.3.2] we discuss the imitation gap problems
that are the focus of of this thesis.
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2.3.1 IL Methods

Behavioral Cloning Arguably the simplest form of imitation learning is known
as behavioral cloning (BC) [Pomerleau, 1988]. In BC, an expert provides a dataset
of demonstrations and a policy is learned on that dataset to maximize the likelihood
of the expert actions via supervised learning. The expert is a policy that acts in
an MDP. The expert may maximize the expectation over some reward function,
but this is not necessary (and some tasks cannot be expressed through Markov
rewards |[Abel et al., 2021]). A BC policy m,(a | s) parametrized by 7 is learned by

maximizing the likelihood of the expert actions, i.e., minimizing the loss

Loc(n) = =Erepm logmy(a | 5], (2.20)

where the expectation is over the data distribution defined by the interaction of
the expert’s policy mexp, with the MDP M. The expectation is often estimated
from a fixed dataset of sampled expert trajectories. We often refer to the policy
imitating the expert as the imitator. At deployment time, the imitator can be
used for choosing actions in the same MDP.

BC is often a computationally efficient way of learning a policy assuming high
quality demonstrations are available. However, a common issue with BC is that
during training, the imitator only sees the states the expert visits and learns
to prefer the actions the expert chose in those states. At deployment time, the
imitator chooses the actions and as a result may end up in states the expert
never visited. This problem is compounded over longer trajectories as the earlier
errors in action selection result in further deviations from the expert trajectories.
This is known as the distribution shift issue in BC and it can make collecting

sufficient expert data infeasible.

Dataset Aggregation (DAgger) A popular mitigation to the distribution shift
issue discussed above is to use the imitator to collect data from the MDP during
the imitation learning and using the expert policy to label those data with the

correct actions. This is known as dataset aggregation |Ross et al., [2011]. DAgger
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can enable imitation learning in settings where collecting sufficient BC datasets is
infeasible. However, the requirement for having query access to the expert policy,
i.e., the ability to use the expert policy to choose actions in arbitrary states during
data collection, can be prohibitive. For example, if the expert is a human, applying

DAgger would require a human labeler to be available throughout the BC training.

Inverse RL Inverse RL (IRL) is a problem setting related to imitation learning,
where instead of learning a policy that matches the expert behavior directly, the
goal is to find a reward function that explains the expert behavior as well as possible.
As the name suggests, this can be seen as an inversion of the RL problem where
the goal is to learn a policy that maximizes a reward. The IRL problem can be
expressed as finding the parameters w € R% of a reward function 7,, such that
Koo, M [ny T (Se, ay ] > Erm [i fytrw(st,at)] v, (2.21)
t=0
where 7y, is the expert policy. However, this formulation is not enough for
identifying reward functions that capture the expert intent unambiguously because
it allows for degenerate reward functions such as the one that is zero everywhere
and furthermore it allows infinitely many solutions [Ng et al., [2000].
To find unambiguous and nondegenerate reward functions, a principled approach
is to choose one, which follows the maximum entropy principle [Jaynes| 1957]
in making the fewest number of assumptions besides matching the distribution
generated by the expert policy [Ziebart et al., 2008a]. Consider a reward function
r.(s,a) = v(s,a)"w, where v € R% is a feature representation of the state-action,
and w are the reward function parameters. Then, Ziebart et al. [2008a] propose to

learn a policy that is as random as possible while matching the expert features

max H ()

T T
such that E. [ZV S¢, (g ] =Erne lZV S¢, (g ] , (2.22)
t=0

t=0
where 7"+ is the optimal maximum entropy policy. The optimal policy for the

maximum entropy problem is sometimes called the soft-optimal policy. The
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maximum entropy IRL problem is equivalent to maximizing the likelihood of

the expert data under the model

T T
plrfo ) w SRt ] pislsa), @29

StET,at,St+1

where Z(w, M) is the partition function |Ziebart et al., 2008a].

The maximum entropy IRL problem defined by lequation (2.22) can be modeled

as a bi-level optimization problem, where the soft-optimal policy for the current
reward parameters and the reward function that maximizes the likelihood of the

expert data are learned in the inner-loop and outer-loop respectively. The likelihood

defined by lequation (2.23)| can be approximately optimized by descending the

gradient given by
T T
V‘Uﬁ(w) = TNpexp Vw Z v 8t7 at ] - ETNP le M [VW Z v St, at W] ; (224)
t=0
where the trajectory distribution p(7|w, M) can be approximated from trajectories

sampled with the soft-optimal policy [Ziebart et al., 2008a].

Generative Adversarial Imitation Learning (GAIL) Maximum entropy IRL
provides a principled way to define which reward function we want to learn. However,
computing the reward and the resulting policy with the bi-level optimization
approach defined above is expensive because it requires solving the soft-optimal
policy in the inner-loop. Viewing imitation learning as the problem of matching the
expert data distribution leads to more scalable algorithms. The distribution match-
ing problem can be expressed as minimizing the divergence between the limiting
distribution over state-action pairs D(p*(s, a)||p=(s,a)) where D is some statistical
divergence measure and p* and p, are the state-action marginal distributions of the
expert and the imitator policies respectively |[Finn et al. 2016, Ho and Ermon| [2016].

GAIL [Ho and Ermon, 2016] is a practical algorithm for imitation learning
from the distribution matching perspective. In GAIL, a discriminator network
D, (1) is trained to classify the trajectories coming from the expert and the

imitator. The D, (7) is then directly used as a reward. This is directly related
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to generative adversarial networks [Goodfellow et all, 2014, GAN], which are an
influential approach in generative machine learning for non-interactive settings

such as image generation.

Successor Features For approximating the expectations required for IRL, ex-
pressing the value functions as functions of the feature expectations can be con-
venient. Successor features [Barreto et al.| 2017, SFs| are a value function repre-
sentation that decouples the dynamics of the environment from the reward. For

Tw where v(s,a) € R? are features and

the linear reward function r,(s,a) = v(s,a)
w € R? are weights. For any given policy, we may then factor the Q-function as
Q™ (s,a,w) = U(s,a)"w where U™ (s,a) := E, e [S520 7V (81, a1)|50 = 8,00 = a

is the successor feature of (s,a) under .

2.3.2 Imitation Gap

In we present research on the imitation gap problem, where the expert and
the imitator receive differing information about the environment. More specifically,
we focus on the case where the expert knows something more about the world
than the imitator. This can be modeled as a CMDP, where the context variable
0 represents the extra information the expert observes but the imitator does not.
We consider the case where only the dynamics distribution of the CMDP depends
on the context but the reward function does not. This choice makes it possible to
identify the correct expert policy to imitate based on observing the dynamics alone,
as we propose to do in and [§] In these settings, just as in regular IL, the
goal of the imitator is to behave like the expert. However, because the expert acts

based on more information about the world than the imitator has access to, naively

optimizing the BC objective given by [equation (2.20), or any other standard IL

objective for that matter, does not necessarily result in behavior that resembles
the expert in the desired way |Ortega et al., [2021], [Weihs et al., [2021]. Next, we

discuss two kinds of problems arising from the imitation gap.
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Confounded Imitation Learning In a less severe case of the imitation gap,
the privileged information available to the expert precludes exactly mimicking the
expert behavior but the problem has wide enough margins of error that even a
naive imitator behaves safely. This could be the case, for example, when the expert
controls some physical system like the double pendulum [Spong et al., 2020] with
unknown parameters but which is robust to different kinds of controllers. In such
case, it may be useful to model the imitation gap problem as a problem of causal
confounding in BC. The problem with using BC in this setting is that in states
where the expert uses its knowledge about the latent to choose actions, the imitator
marginalizes over its uncertainty about the latent variable. This results in the
imitator selecting actions randomly in those states. To fix this, the imitator policy
has to condition on the entire history of interaction with the environment instead of
the current state alone. That is, the imitator is a non-Markovian policy defined as a
function of the entire trajectory m,(a:|so, ao, s1,a1, ..., s¢). This enables the agent to
learn to make an inference about the value of the latent variable based on everything
it has observed so far, eventually allowing it to break ties over the actions. However,
this introduces another problem where the latent variable of the environment acts as
a causal confounder [Pearl, [2009] in the graph modeling the interaction of the agent
with its environment. In we propose a method that learns a separate

inference model for the latent variable 6 to mitigate this problem.

Missing Exploration Information In a more severe case of the imitation
gap, acting based on a guess about the privileged information results in highly
undesirable behavior we want to prevent the agent from engaging in. For example,
if the privileged information pertains to the location of high ledges in a locomotion
environment, acting based on a mistaken guess about their location may result in a
dangerous fall [Weihs et al., 2021]. In this case, even using a method such as the
one presented in is not enough, because the naive imitator does not result

in safe exploration behavior that would enable it to make an accurate inference
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about the latent variable 6. In [chapter 8 we propose to deliver this information to

the imitator in the form of a Bayesian prior over reward functions in an IRL setting.
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3.1 Introduction

In we discussed how RL is a sample inefficient approach for training
interactive policies and pointed to meta-RL as a potential avenue for improving the
sample efficiency. The promise of meta-RL comes from using adaptive algorithms
that can incorporate information they collect through their interaction with the
environment to adapt their learning behavior. In we described the meta-
RL problem setting, where an inner-loop algorithm adapts to a specific MDP sampled
from a distribution of tasks and the outer-loop adapts the parameters of the inner-

loop. In this chapter, we survey meta-RL literature most relevant to the original

30
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contributions proposed in the following chapters. In particular, we discuss meta-RL
algorithms, which represent the inner-loop as a policy gradient algorithm and adapt
the parameters of the inner-loop using another optimization algorithm in the outer-
loop. The outer-loop algorithms most commonly encountered in the literature tend
to be policy gradient algorithms themselves. We divide our discussion about meta-

gradient methods into two categories: few-shot meta-gradient methods discussed

in and many-shot meta-gradient methods discussed in [section 3.3|

3.2 Few-Shot Meta-Gradient Methods

In meta-RL, the inner-loop Uy is learned to maximize the objective given by
over the task distribution, p(M). However, during training, we generally
only assume access to samples from this distribution. These samples may be limited,
and the distribution over which we want to generalize may be broad. Moreover, the
distribution on which the meta-RL is evaluated for meta-testing may differ from the
distribution on which the meta-RL agents is meta-trained. Each of these motivates
the need for learning to take place in the inner-loop algorithm U,. This section
discusses methods for building such structure into the inner-loop itself.

In this section, we discuss one way of parameterizing the inner-loop that builds
in the structure of existing standard RL algorithms. Meta-gradient methods are a
common class of methods which parameterize the learning algorithm Uy as a policy

gradient algorithm. These algorithms generally have an inner-loop of the form

Nji+1 = Us(Dj, ;) = n; + gV, Jo(Dj, 7y, ),

where Jy(Dj, m,,) is an estimate of the returns of the policy 7,,. In MAML [Finn
et al., 2017a], ¢ = 1y, and so the initialization is the meta-learned component. It is
also possible to add additional pre-defined components to the inner-loop, such as
sparsity-inducing regularization [Lou et al., [2021]. In general, whatever structure
is not predefined, is a parameter in ¢ that is meta-learned. In addition to the
initialization, the meta-learned structure can include components such as hyper-

parameters |Li et al., 2017] or a separate network modifying the initialization [Vuorio
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, . Some methods also meta-learn a preconditioning matrix to approximate
the curvature of the objective, inspired by second-order optimization methods. These
methods generally have the form 7, = 1; + agMyV,, Js(D;, m,,) [Flennerhag
et al.; 2020, Park and Olival 2019]. While a value based-method could be used to

parameterize the inner-loop instead of a policy gradient [Zou et al., [2021], value

based-methods generally require many more steps to propagate reward information

[Mitchell et all 2020], and so are typically reserved for the many-shot setting,
discussed in [section 3.3 In this section, we focus on methods which use policy

gradients in the inner-loop. We begin by discussing different parameters of the
base policy that the inner-loop may adapt. Then, we discuss options for outer-
loop algorithms and optimization. We conclude with a discussion of the trade-offs

associated with meta-gradient methods.

3.2.1 Adapted Policy Parameters

Few-shot meta-gradient algorithms commonly learn an initialization, and then
adapt that initialization in the inner-loop. Instead of adapting a single initialization,

several meta-gradient methods learn a full distribution over initial policy parameters,

p(no) [Ghadirzadeh et al. 2021, Gupta et al., 2018, [Wang et al. 2020, Yoon et al.,

2018, |Zou and Lu, 2020]. This distribution allows for modeling uncertainty over

policies. The distribution over initial parameters can be represented with a finite

number of discrete particles [Yoon et al.; [2018], or with a Gaussian approximation

fit via variational inference |Ghadirzadeh et al.; 2021} |Gupta et al., 2018|. Moreover,

the distribution itself can be updated in the inner-loop, to obtain a posterior

over (a subset of) model parameters [Gupta et al., [2018| [Yoon et al. [2018]. The
updated distribution may be useful both for modeling uncertainty [Yoon et al.,

2018], and for temporally extended exploration, if policy parameters are resampled

periodically |[Gupta et al., |2018].

Alternatively, some meta-gradient methods adapt far fewer parameters in the

inner-loop. Instead of adapting all policy parameters, they adapt a subset [Raghul

et al.| [2020, Zintgraf et al.| 2019]. For example, one method adapts only the weights
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Figure 3.1: Illustration of meta-RL without (left) and with (right) a context vector.
The context vector can be updated with backpropagation in a meta-gradient method or
by a neural network in a black box method. When using a context vector, some of the
policy parameters are not adapted by the inner-loop, and are instead meta-parameters
set by the outer-loop.

and biases of the last layer of the policy [Raghu et al.,2020], while leaving the rest
of the parameters constant throughout the inner-loop. Another method adapts
only a vector, called the context vector, on which the policy is conditioned [Zintgraf
et al.; 2019]. In this case, the input to the policy itself parameterizes the range
of possible behavior. We write the policy as m,(a|s,n), where 7 is the adapted
context vector. The weights and biases of the policy, as well as the initial context
vector, constitute the meta-parameters that are constant in the inner-loop. We
visualize the use of a context vector in [igure 3.1|

Consider the algorithm Context Adaptation via Meta-learning (CAVIA) [Zintgraf
et al| [2019]. CAVIA is similar to MAML but it only adapts a context vector, which

is initialized to the zero vector:

TIO:Oa

Nji+1 = N + a¢anJ¢(Dj,7T¢(‘|77j))-

While the update to 7 is the same as in MAML, here, 1 represents a vector passed
as an input to the policy network, while all the weights and biases of the network
remain fixed throughout adaptation. One benefit of adapting a subset of parameters
in the inner-loop is that it may mitigate overfitting in the inner-loop, for task

distributions where only a small amount of adaption is needed [Zintgraf et al., [2019].
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3.2.2 Meta-Gradient Estimation for the Outer-Loop

Effective learning in the outer-loop of meta-gradient algorithms requires access
to estimates of meta-gradients, i.e., gradients of the outer-loop objective with

respect to the meta-parameters. Most commonly, the meta-gradients are computed

by directly optimizing objective given by |equation (2.16)| with a policy gradient
algorithm. In section 2.2 we show how an unbiased meta-gradient can be derived.

However, naively applying a policy gradient method in the outer-loop can lead to

a suboptimal bias-variance trade-off. Significant research has considered how to

improve this trade-off when estimating meta-gradients [Fallah et al., [2020| 2021,

Foerster et al., 2018, |[Liu et al., 2022, 2019, Mao et al., 2019 Rothfuss et al., 2018,

Stadie et all, 2018| [Tack et al., [2022], Tang) 2022, [Tang et al., 2021}, Vuorio et al.|
2021]. Next, we discuss the bias-variance trade-offs in meta-gradient estimation

and the algorithms arising from choosing different points in the trade-off. We
delve deeper into this topic in [chapter 5|

Significant research has considered a meta-gradient estimator derived originally

for computing higher-order meta-gradients [Farquhar et al., 2019, [Foerster et al.,

2018 |[Liu et al. [2022] 2019, Mao et al., 2019, |Rothfuss et al.| 2018 [Tang, 2022,

Tang et al. 2021]. In practice, meta-gradient algorithms use a sample-based policy

gradient algorithm for updating the policy parameters in the inner-loop. The higher-

order meta-gradients of the sample-based inner-loop are different from those of an

inner-loop that uses the expected policy gradient. Foerster et al.|[2018], Rothfuss|
12018] argue that the higher-order meta-gradients of the sample-based inner-

loop should approximate those of the expected inner-loop and derive alternative
sample-based inner-loop update functions for that purpose. While these meta-
gradient estimators are still biased, their variance has a more benign dependence on
the inner-loop sample size than the unbiased meta-gradient estimator and therefore

can achieve a better point in the bias-variance trade-off than either the naive or the

unbiased meta-gradient estimators [Liu et al., [2022, [Tang et al., [2021]. To further

reduce the variance of this class of meta-gradient estimators, Farquhar et al.| [2019),
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Liu et al.|[2019], Mao et al.| [2019], Rothfuss et al. [2018] propose to ignore certain
high-variance terms in the estimator and introduce baselines.

Alternatively, some meta-gradient methods do not require higher-order meta-
gradients. For example, [Finn et al. [2017a] use a first-order approximation of the
meta-gradient, whereas [Song et al.| [2020] use gradient-free optimization. (See
Nichol et al.| [2018] for another first-order approximation proposed for supervised
meta-learning, and recently used in meta-RL [Ren et al. 2022].) Furthermore,
when meta-learning an initialization as in MAML, for a limited number of tasks
or limited amount of data in the inner-loop, it may even be preferable to set the
inner-loop to take no steps at all during meta-training, i.e., without adapting
to each task [Gao and Sener, |2020]. In this case, task adaptation occurs only
through fine-tuning at test-time. Additionally, it is possible to use a value-based
algorithm in the outer-loop, instead of a policy gradient algorithm, which avoids

meta-gradients altogether [Sung et al., 2017].

3.2.3 Outer-Loop Algorithms

While most meta-gradient methods use a policy-gradient algorithm in the outer-loop,
other alternatives are possible [Mendonca et al., 2019, Sung et al.;, 2017]. For example,
one can train a critic, Q4(s, a, D), using-TD error in the outer-loop, then reuse this
critic in the inner-loop [Sung et al [2017]. Alternatively, instead of estimating meta-
gradients via backpropagation, ES [Rechenberg, 1971} Salimans et al., 2017, Wierstra
et al.| 2014] may be used [Song et al.| 2020]. Additionally, one can train task-specific
experts and then use these for imitation learning in the outer-loop. While imitating

experts does not lead to exploratory, they can work in some problems.

3.2.4 Meta-Gradient Trade-Offs

One of the primary benefits of meta-gradient algorithms is that they produce an
inner-loop that converges to a locally optimal policy, even when relatively few
samples are available for meta-training or when the task distribution differs from

meta-training to meta-testing. In meta-gradient methods, the inner-loops are
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typically guaranteed to converge under the same assumptions as standard policy
gradient methods. For example, the MAML inner-loop converges with the same
guarantees as REINFORCE [Williams|, [1992], since it simply runs REINFORCE from
a meta-learned initialization. Even convergence bounds are possible [Fallah et al.|
2021]. However, as with any policy gradient algorithm that uses estimated gradients,
the guarantees given by REINFORCE are rather weak, and in some cases a step of
REINFORCE can even make the policy worse on the task [Deleu and Bengio| [2018].
Having a learning algorithm that eventually adapts to a novel task is desirable,
since it reduces the dependence on seeing many relevant tasks during meta-training.

Although parameterizing U; as a policy gradient method may ensure that
adaptation generalizes, this structure also presents a trade-off. Typically the inner-
loop policy gradient has high variance and requires a value estimate covering the full
episode, so estimating the gradient generally requires many episodes. Hence, meta-
gradient methods are generally not well-suited to few-shot problems that require
stable adaption at every timestep or within very few episodes in the inner-loop.
Moreover, meta-gradient methods are often sample-inefficient during meta-training
as well, because the outer-loop generally relies on on-policy evaluation, rather than
an off-policy method that can reuse data efficiently.

In general, there is a trade-off between generalization to novel tasks and
specialization over a given task distribution. How much structure is imposed by
the parameterization of U, determines where each algorithm lies on this spectrum.
The structure of meta-gradient methods places them near the end of the spectrum
that ensures generalization. While this spectrum summarizes current methods, the
trade-off is not necessarily inherent to the problem setting, and future work could
investigate methods that achieve the best of both worlds. In the next section, we

discuss methods at the other end of the spectrum.

3.3 Many-Shot Meta-Gradient Methods

Algorithms for many-shot meta-RL aim to improve over the plain RL algorithms

they build upon by introducing meta-learned components. The choice of meta-
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Meta-

L Multi-task Single-task
parameterization

\Alet et al.[[2020], [Meier and |
Mujika/ [2022], [Veeriah et al.| Rajendran et al.[2020], [Zheng|

2021], Zheng et al.| [2020], Zou| | et al.|[2018]

| et al.|[2021]

Intrinsic rewards

Flennerhag et al|[2021], Lin |
Auxiliary tasks | et al|[2019], |Veeriah et al.|
[2019], |Zahavy et al.| [2020]
|Almeida et al.| [2021],

Hyperparameter [Flennerhag et al.| [2021], Lu |
functions | et al.|[2022], |[Luketina et al.|
2022
Credit assignment Wang et al.| [2019Db], Xu et al.|
heuristics [2018], |Zheng et al.| [2021]
[Frans et al. [2018], [Fu et al.|
Hierarchies [2020], [Nam et al.| [2022],

\Veeriah et al.| [2021]
Bechtle et al. [2021], Houthooft|

Objective functions et al.| [2018], [Jackson et al|
directly [2023], Kirsch et al.| [2019], |Oh] [2020
| et al.| [2020
Optimizers Chen et al. 22002137 ,|Lan et al.
Black-box Kirsch et al.| [2021]

Table 3.1: Many-shot meta-RL methods categorized by the task distribution considered
and meta-parameterization.

parameterization depends on the problem. The meta-parameterizations differ in
how much structure they can capture from the task distribution, which matters in
the multi-task case, and what aspects of the RL problem they address. The meta-
parameterization may tackle problems such as credit assignment, representation
learning, etc. The best choice of meta-parameterization depends on what aspect
of the problem is the primary challenge.

Many of the topics discussed below, such as intrinsic rewards and hierarchical
RL, are active research areas in RL on their own. Most of the research on these
topics does not consider the bi-level structure present in meta-RL. We provide a
concise description of each topic in general terms but do not to provide details on
the bodies of research outside of their intersection with meta-RL. For learning more
about these topics, we provide references to foundational papers and surveys.

In the following, we discuss the different meta-parameterizations considered both

in the single-task and multi-task settings. A summary of the methods discussed in
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this section is presented in [table 3.1 where the different methods are categorized
by task distribution and meta-parameterization. The empty categories such as
single-task meta-RL for learning hierarchical policies may be promising directions
for future work. We also discuss the different outer-loop algorithms considered

for many-shot meta-RL.

Learning Intrinsic Rewards The reward function of an MDP defines the task
we want the agent to solve. However, the task-defining rewards may be challenging
to learn from because maximizing them may not result in good exploratory behavior,
e.g., when rewards are sparse [Singh et al., 2009]. One approach for making the RL
problem easier is to introduce a new reward function that can guide the agent in
learning how to explore. These additional rewards are called intrinsic motivation or
intrinsic rewards [Aubret et al.,2019]. While intrinsic rewards are often designed
manually, recently many-shot meta-RL methods have been developed to automate
their design. The learned intrinsic reward functions can be represented as functions
of the state and action r"(s;,a;) [Rajendran et al. 2020, Veeriah et al., 2021,
Zheng et al., 2018], potential-based shaping functions yr™(s;.1) —r"(s;) [Zou et al.,
2021], or functions of the entire episode so far r(r;) |Alet et al., 2020, Zheng
et al., 2020]. Learning an intrinsic reward in the multi-task case can help the agent
learn to explore the new environment more quickly [Alet et al., |2020} Zheng et al.,
2020, Zou et al., [2021]. They can also help define skills as part of a hierarchical
policy [Veeriah et al., 2021] or be used as general reward shaping in the single-task
case |Zheng et al., |2018]. Beyond the standard settings, Rajendran et al.| [2020]
learn intrinsic rewards for practicing in extrinsic reward-free episodes in-between
evaluation episodes. Finally, Meier and Mujika, [2022] present an unsupervised

reward learning approach, which learns complex skills in Atari games.

Learning Auxiliary Tasks In some RL problems, learning a good representation
of the observations is a significant challenge for which the RL objective alone
may provide poor supervision. One approach for better representation learning is

introducing auxiliary tasks, defined as unsupervised or self-supervised objectives
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optimized alongside the RL task [Jaderberg et all 2016]. With auxiliary tasks

the inner-loop objective then becomes
Jo(D,m,) = J*(D,m,) + Jy™ (D, my).

When a set of candidate auxiliary tasks is known, the best ones to use can be chosen
by meta-learning the weight associated with each task, such that only the tasks that
improve the outer-loop objective are assigned high weights [Lin et al.| 2019]. Even
when auxiliary tasks are not known in advance, meta-learning can be useful. [Veeriah
et al.|[2019] use meta-gradients to discover a set of generalized value functions
(GVFs) [Sutton et al., 2011], which define the prediction targets for the auxiliary
loss of the policy network in the inner-loop. They show that the learned auxiliary
tasks can improve sample efficiency over the base algorithm without auxiliary tasks
and over handcrafted auxiliary tasks. The same approach for auxiliary task learning
is used by Zahavy et al.| [2020] and [Flennerhag et al.| [2021], who further improve
the performance by tuning the hyperparameters of the inner-loop RL algorithm
online. At the time of publication both achieved the state-of-the-art performance

of model-free RL on the Atari benchmark [Bellemare et al., [2013].

Learning Functions that Output Hyperparameters Methods that learn
functions that output hyperparameters of an inner-loop algorithm straddle the
gap between hyperparameter optimization and meta-learning. |Almeida et al.
[2021], Flennerhag et al,| [2021], [Luketina et al. [2022] learn functions that take
as inputs summary statistics of the inner-loop performance such as rewards and
TD-error, and output the values of hyperparameters such as the A-coefficient used in
estimating returns. Furthermore, |Lu et al.|[2022] show that parameterizing the policy
update size coefficient featured in algorithms such as proximal policy optimization
(PPO) [Schulman et al., [2017] by a meta-learned function can be beneficial. The

parameters of these functions are themselves optimized by meta-gradients.
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Credit-Assignment Heuristics In[chapter 4] we introduce a method for learning
a pairwise credit assignment heuristic using meta-gradients [Zheng et al.| [2021].
The proposed approach is comparable to Xu et al| [2018], who adapt the A
hyperparameter of a policy gradient algorithm online via meta-gradients. Another
relevant approach, the Return Generating Model (RGM) [Wang et al., [2019b],
generalizes the notion of return from exponentially discounted sum of rewards to a
more flexibly weighted sum of rewards. Similar to what we do in [chapter 4] they

adapt the weights via meta-gradients during policy learning

Modifying the Rl Objective Directly Learning intrinsic rewards and auxiliary
tasks shows that adding meta-learned terms to the RL objective can accelerate RL.
These successes raise the question whether, instead of adding terms to the objectives,
modifying the RL objectives directly via meta-RL can improve performance. To
answer this question Houthooft et al. [2018], |Oh et al.| [2020], Xu et al.| [2020]
propose algorithms that replace the return or advantage estimator in a policy
gradient algorithm with a learned function of the episode

Vi ds(T, M) o Z Vy log m,(ai|se) fo(T),

a¢,StET

where fy(7) is some meta-learned function of the trajectory. An alternative to
replacing the advantage estimator is proposed by Kirsch et al. [2019] and Bechtle et al.
[2021], who consider a deep deterministic policy gradient (DDPG)-style [Lillicrap
et al., 2016] objective function, where the critic is learned via meta-RL instead
of temporal difference (TD) learning.
Vo Jo(T,my) = ) ;T VinQo (e, mlalst)),

where @), is the meta-learned critic. Similar inner-loop is proposed for meta-IL
by Yu et al|[2018a]. These learned RL objectives produce promising results in
both multi-task and single-task meta-RL. In the multi-task setting, Oh et al.| [2020]
demonstrate that an objective function learned on simple tasks such as gridworld

can generalize to much more complicated tasks such as Atari [Bellemare et al.|
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2013]. |Jackson et al. [2023] improve the generalization of the approach further by

replacing the hand-designed training environments with an automated environment

design component. Whereas in the single-task setting, Xu et al.| [2020] show that

the learned objective function can eventually outperform the standard RL algorithm

(IMPALA [Espeholt et al. 2018]) it builds upon.

Learning Optimizers In most learning systems, the optimizer producing the
parameter updates is manually designed. However, it is also possible to meta-learn
an optimizer. Typically, the inner-loop of meta-learned optimizers conditions on
losses and gradients, and outputs parameter updates. There has been some success
in both many-shot and few-shot supervised learning to meta-learn the optimizer

[Andrychowicz et al., 2016, Li and Malik| 2016, [Ravi and Larochelle, 2017]. Some

of these meta-learned optimizers use RL for meta-training |[Li and Malik, 2016],

and some deploy on MDPs [Chen et al., 2017]. Recently, a many-shot method has

been proposed to meta-train and meta-test on MDPs, making it the first proper

meta-RL method to learn an optimizer |Lan et all [2023].

Learning Hierarchies A central problem in RL is making decisions when the

consequences only become apparent after a long delay. Temporal abstraction is a

potential solution to this problem [Dayan and Hinton, [1992, Nachum et al., [2018,

Sutton et al., [1999]. These abstractions are commonly represented as a hierarchy

consisting of a set of options or skills and a manager policy that chooses what

skills to use [Bacon et al., 2017, [Pateria et al., [2021} Sutton et al., |1999]. When

options are available for a given environment, the manager policy can be learned
with algorithms closely related to standard RL algorithms targeting the hierarchical

setting. However, manually designing good options is challenging. Instead, meta-RL

can be used in the discovery of options [Frans et al., 2018, [Veeriah et al., 2021] by

parameterizing the functions defining the objectives for learning the option with
meta-learned functions. While meta-RL can help hierarchical RL the opposite is

also true as a hierarchical structure can help with the central problem of meta-RL,

i.e., learning policies that generalize across task distributions. Fu et al.| [2020], Nam|
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12022] propose methods that make use of the temporal abstraction provided

by hierarchical policies to solve task distributions with longer horizons.

Black-Box Meta-Learning In few-shot meta-RL, black-box methods that use

RNNs or other neural networks instead of stochastic gradient descent (SGD) tend

to learn faster than the SGD-based alternatives. Kirsch et al|[2021] argue that

many black-box meta-RL approaches, e.g., those by |[Duan et al. [2016], Wang et al.

cannot generalize well to unseen environments because they can easily overfit
to the training environments. To combat overfitting, they introduce a specialized
RNN architecture, which reuses the same RNN cell multiple times, making the
RNN weights agnostic to the input and output dimensions and permutations. The
proposed method requires longer trials to learn a policy for a new environment,
making it a many-shot meta-RL method, but in return it can generalize to completely

unseen environments.

Outer-Loop Algorithms Regardless of the inner-loop parameterization chosen,
by definition, algorithms for many-shot meta-RL have to meta-learn over long
task-horizons. Directly optimizing over these long task horizons is challenging

because it can result in vanishing or exploding gradients and has infeasible memory

requirements [Metz et al., 2021} [Sutskever, 2013]. Instead, as described above, most

many-shot meta-RL algorithms adopt a surrogate objective, which considers only

one or a few update steps in the inner-loop [Bechtle et al., 2021 Kirsch et al., 2019,
Oh et al. 2020/, Rajendran et all, [2020] [Veeriah et al.,[2019, 2021, [Zahavy et al., 2020,
Zheng et al., 2018} 2020]. These algorithms use either A2C [Mnih et al. |2016]-style
[Bechtle et all, 2021], |Oh et al., 2020} Veeriah et al. 2021}, Zheng et al., 2020] or
DDPG |[Lillicrap et all [2016]-style [Kirsch et al., 2019] actor-critic objectives in the

outer-loop. |[Flennerhag et al.|[2021] present a different kind of surrogate objective,

which bootstraps target parameters for the inner-loop by computing several updates
ahead and then optimizing its earlier parameters to minimize distance to that later
target using a chosen metric. This allows optimizing over more inner-loop updates,

and with the right choice of metric, it can be used for optimizing the behavior policy
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Figure 3.2: To estimate an update to the meta-parameters, ES samples a set of them and
computes the inner-loop for each of them independently. This requires more evaluations
of the inner-loop but can work better when the task-horizon is long.

in the inner-loop, which is difficult using a standard actor-critic objective. This

surrogate objective has also been used to meta-learning how to prioritize the task

distribution for policy improvement in model-based methods [Burega et al.| [2022].

Alternatively evolution strategies (ES) [Rechenberg), 1971} Salimans et al., 2017,

‘Wierstra et al. 2014], which are black-box optimization algorithms, are used

by Houthooft et al|[2018], Kirsch et al|[2021], Lu et al| [2022]. ES works by

sampling a set of parameters from a distribution, evaluating the set by running the

inner-loop, and updating the parameters of the distribution. This can be seen as

applying REINFORCE [Williams), [1992] on the parameter distribution. The general

approach of using ES in the outer-loop is illustrated in [figure 3.2] ES suffers less
from the vanishing and exploding gradients problem and has more favorable memory

requirements at the cost of high variance and sample complexity compared to SGD-

based methods [Metz et al., [2021]. Finally, genetic algorithms [Schmidhuber, |1987]

and random search are used by |Alet et al.|[2020], Co-Reyes et al.|[2021], Garau-Luis|
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et al.| [2022], who consider discrete parameterizations of the inner-loop objective.

3.4 Conclusion

In this chapter, we have provided an overview of meta-RL approaches, with a
particular emphasis on meta-gradient methods. Reflecting the problem settings
defined in [chapter 2, we categorized these approaches into two settings: few-shot
meta-gradient methods, which adapt policy parameters over short task horizons,
and many-shot meta-gradient methods, which operate over extended horizons and
aim to improve the learning efficiency of general RL algorithms. We explored
how different choices in meta-parameterization and outer-loop optimization can
significantly influence the performance and generalization of meta-RL agents. From
adapting specific components like initializations, hyperparameters, and auxiliary
tasks to designing new learning objectives and credit assignment strategies, meta-RL
offers a broad and promising avenue for more efficient RL. In the next chapter,
we propose a novel approach for learning credit assignment heuristics using meta-
gradients, specifically focusing on pairwise credit assignment to improve policy
updates. Following that, in we dive deep into meta-gradient estimation
in outer-loop optimization. Together, these chapters build on the foundational

concepts discussed here and introduce cutting-edge techniques to advance meta-RL.
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4.1 Introduction

In [chapter 1], we introduced meta-RL as a central topic in studying how to improve
the sample efficiency of RL algorithms. More specifically, we described how meta-
gradients can be used for developing adaptive RL algorithms that can use the
information they gather throughout their interaction with the environment to

improve the learning online. In we described the general structure of

46
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meta-gradient algorithms and how to estimate the meta-gradients. In this chapter,
we take a deeper look at one such adaptive RL algorithm, which uses meta-gradients
to tune the credit assignment heuristic used in a policy gradient method.

We start by building intuition on why credit assignment is challenging in RL in
the first place. To do so, consider the following umbrella problem [Osband et al.|
2019], which illustrates a fundamental temporal credit assignment (TCA) challenge
most RL algorithms face. An RL agent takes an umbrella at the start of a cloudy
morning and experiences a long day at work filled with various rewards uninfluenced
by the umbrella, before needing the umbrella in the rain on the way home. The
agent must learn to credit the take-umbrella action in the cloudy-morning state
with the very delayed reward at the end of the day, while also learning to not credit
the action with the many intervening rewards, despite their occurring much closer
in time. More generally, the TCA problem is how much credit or blame should an
action taken in a state get for a future reward. One of the earliest and still most
widely used heuristics for TCA comes from the celebrated TD(A) [Sutton, 1988]
family of algorithms, and assigns credit based on a scalar coefficient A raised to
the power of the time interval between the state-action and the reward. Note that
this is a recency and frequency heuristic, in that it assigns credit based on how
recently and how frequently a state-action pair has occurred prior to the reward. It
is important, however, to also note that this heuristic has not in any way shown
to be the “optimal” way for TCA. In particular, in the umbrella problem the
action of taking the umbrella on a cloudy morning will be assigned credit for the
rewards achieved during the workday early on in learning and it is only after a lot
of learning that this effect will diminish. Nevertheless, the recency and frequency
heuristic has been adopted in most modern RL algorithms because it is so simple to
implement, with just one hyperparameter, and because it has been shown to allow
for asymptotic convergence to the true value function under certain circumstances.

In this chapter, we present two new families of algorithms for addressing TCA:
one that generalizes TD(A) and a second that generalizes a Monte-Carlo algorithm.

Specifically, our generalization introduces pairwise weightings that are functions of
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the state in which the action was taken, the state at the time of the reward, and the
time interval between the two. Of course, it isn’t clear what this pairwise weight
function should be, and it is too complex to be treated as a hyperparameter (in
contrast to the scalar A in TD(X)). We develop a meta-gradient approach to learning
the pairwise weight function at the same time as learning the policy of the agent.
Like other meta-gradient algorithms, our algorithm has two loops: an outer-loop
that periodically updates the pairwise weight function in order to optimize the
usual RL loss (policy gradient loss in our case) and an inner-loop where the policy
parameters are updated using the pairwise weight function set by the outer-loop.

Our contributions in this chapter can be summarized as follows

o We propose a family of algorithms that contains within it the theoretically

well understood TD(A) and Monte-Carlo algorithms.

o We show that the additional flexibility of our algorithms can yield benefit
analytically in a simple illustrative example intended to build intuition and

then empirically in more challenging TCA problems.

« We propose a meta-gradient algorithm to learn the pairwise-weighting function

that parameterizes our family of algorithms.

o We conduct an empirical evaluation of the proposed methods aiming to answer
the two questions: (1) Are the proposed pairwise weight functions able to
outperform the best choice of A and other baselines? (2) Is our meta-gradient
algorithm able to learn the pairwise weight functions fast enough to be worth

the extra complexity they introduce?

4.2 Related work

In we presented a literature survey on meta-gradient RL, covering central
algorithms and parameterizations. In this section, we discuss related work on

temporal credit assignment, that is specific to this chapter.
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Several heuristic methods have been proposed to address the long-term credit
assignment problem in RL. RUDDER |Arjona-Medina et al., 2019] trains a long
short-term memory |[Hochreiter and Schmidhuber, {1997, LSTM] network to predict
the return of an episode given the entire state and action sequence and then conducts
contribution analysis with the LSTM to redistribute rewards to state-action pairs.
Synthetic Returns (SR) |[Raposo et al., 2021] directly learns the association between
past events and future rewards and use it as a proxy for credit assignment. Different
from the predictive approach of RUDDER and SR, Temporal Value Transport
(TVT) [Hung et al., 2019] augments the agent with an external memory module and
utilizes the memory retrieval as a proxy for transporting future value back to related
state-action pairs. We compare against TV'T by using their published code, and
we take inspiration from the core reward-redistribution idea from RUDDER and
implement it within our policy gradient agent as a comparison baseline (because
the available RUDDER code is not directly applicable). We do not compare to
SR because their source code is not available.

Some recent works address counterfactual credit assignment where classic RL
algorithms struggle [Harutyunyan et al., 2019, Mesnard et al., 2020, van Hasselt
et all 2020]. Although they are related to our work in that they also address
the TCA problem, we do no compare to them because our work does not focus

on the counterfactual aspect.

4.3 Pairwise Weights for Advantages

At the core of our contribution are new parameterizations of functions for computing
advantages used in policy gradient methods. See for a review of advantages
in policy gradient methods and TD()). Below we present two new estimators that

are analogous in this regard to A® and AMC.

Heuristic 1: Advantages via Pairwise Weighted Sum of TD-Errors Our

first new estimator, denoted PWTD for Pairwise Weighted TD-error, is a strict
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generalization of the A-estimator and is defined as follows:
AEWTD (8¢, ar) Z fo(st, Sk — )0 (sk, ax), (4.1)

k=t+1

where fy(st, sk, k —t) € [0, 1], parameterized by ¢, is the scalar weight given to the
TD-error 0(sy, ax) as a function of the state to which credit is being assigned, the
state at which the TD-error is obtained, and the time interval between the two. Note

that if we choose f(sq, sy, k —t) = (yA)*t7L, it recovers the usual A-estimator A™

Heuristic 2: Advantages via Pairwise Weighted Sum of Rewards Instead
of generalizing from the A-estimator, we can also generalize from the MC estimator

via pairwise weighting. Speciﬁcally, the new pairwise-weighted return is defined as

RPWR Z fd) Sty Sk _t) (Skna’k)’ (42>
k=t+1

where fy (s, sk, k —t) € [0,1] is the scalar weight given to the reward r (s, ax).
The corresponding advantage estimator, denoted PWR for Pairwise Weighted

Reward, is defined as:
AZWR(Sta at) = R}ZWR(Sh (lt> — UPWR(St), (43)

where VFWE(s) = E,[REWR(s)] and v""V is an approximation of VFWE. Note that
if we choose f(s, s,k —1t) =~*'1 we can recover the MC estimator AMC.
The benefit of the additional flexibility provided by these new estimators highly
depends on the choice of the pairwise weight function f. As we will demonstrate
in the simple example below, the new estimators can yield lower variance and
benefit policy learning if the function f captures the underlying credit assignment
structure of the problem. On the other hand, the new estimators may not even be
well-defined in the infinite-horizon setting if the pairwise weight function is chosen
wrongly because the weighted sum of TD-errors/rewards could be unbounded.
Designing a good pairwise weight function by hand is challenging because it requires
both domain knowledge to capture the credit assignment structure and careful
tuning to avoid harmful consequences. Thus we propose a meta-gradient algorithm

to learn the pairwise weight function such that it benefits policy learning, as

detailed in [section 4.4
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Figure 4.1: A simple illustrative MDP. The initial action determines the final reward
but does not impact the intermediate rewards. The consequence of the initial action is
delayed.

An Illustrative Analysis of the Benefit of the PWR Estimator Consider
the simple-MDP version of the umbrella problem in [figure 4.1, Each episode starts
at the leftmost state, so, and consists of T transitions. The only choice of action
is at so and it determines the reward on the last transition. A noisy reward € is
sampled for each intermediate transition independently from a distribution with

2 > 0. These intermediate rewards are independent of

mean 4 and variance o
the initial action. We consider the undiscounted setting in this example. The

expected return for state sy under policy 7 is
V(so) = Ex[R(s0)] = (T' = D+ Er[r(s7)].
For any initial action ag, the advantage is

A(so, a0) = Ex[R(s0)[ao] — V(so) = Ex[r(s7)|ac] — Ex[r(sr, ar)].

Consider pairwise weights for computing APWR (s, ao) that place weight only on
the final transition, and zero weight on the noisy intermediate rewards, capturing
the notion that the intermediate rewards are not influenced by the initial action
choice. More specifically, we choose f such that for any episode, wor = 1 and
w;; = 0 for other ¢ and j. The shorthand w;; denotes f(s;,s;,j — i) for brevity.

The expected parameterized reward sum for the initial state sq is

VPR(s0) = Ex[Ry(s0)] = En[z worr(se)] = Ex[r(sr)].
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If vPWR is correct, for any initial action ag, the pairwise-weighted advantage is

the same as the regular advantage:

E[AS VR (50, a0)] = Ex[Ry(s0) — 0"V (50)]ao]

= B[ worr(se)] = V" (s0)

t=1

= E[r(sr)|ao] — Ex[r(sr)] = Also, ao)-

As for variance, for any initial action ag, [Ry(so)|ao] is deterministic because of
the zero weight on all the intermediate rewards and thus AEWR(SO, ap) has zero
variance. The variance of AMC(sg. ag) on the other hand is (T — 1)o2 > 0. Thus,

in this illustrative example APWR

yields an unbiased advantage estimator with
far lower variance than AMC.

Our example exploited knowledge of the domain to set weights that would yield
an unbiased advantage estimator with reduced variance, thereby providing some
intuition on how a more flexible return might in principle yield benefits for learning.
Of course, in general RL problems will have the umbrella problem in them to

varying degrees. But how can these weights be set by the agent itself, without prior

knowledge of the domain? We turn to this question next.

4.4 A Meta-Gradient Algorithm for Adapting
Pairwise Weights

Recently, as we saw in [chapter 3] meta-gradient methods have been developed
to learn various kinds of parameters that would otherwise be set by hand or by
manual hyperparameter search; We use the meta-gradient algorithm proposed
by Xu et al.| [2018] for training the pairwise weights. The algorithm consists
of an outer-loop learner for the pairwise weight function, which is driven by a
conventional policy gradient loss and an inner-loop learner driven by a policy
gradient loss based on the new pairwise-weighted advantages. An overview of the

algorithm is provided in [appendix Al For brevity, we use fl¢ to denote AEWTD

or ADWR unless it causes ambiguity.
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Learning in the Inner-Loop. In the inner-loop, the pairwise-weighted advantage

fld, is used to compute the policy gradient. We rewrite the gradient update from

lequation (2.9)| with the new advantage as

T
an¢(7l) = ETN?U,[ A (St, at)vn log Wn(at|5t)]a (4‘4)

t

Il
o

where 7 is a trajectory sampled by executing m,. The overall update to 7 is
Vo I () = Yy Js(n) + BV H (), (4.5)

where H(n) is the usual entropy regularization term [Mnih et al., |2016] and 8% is
a mixing coefficient. We apply gradient ascent to update the policy parameters

and the updated parameters are denoted by 7'.

Computing flgWR with |equation (4.3)| requires a value function predicting the

expected pairwise-weighted sums of rewards. We train the value function, vy
with parameters 1), along with the policy by minimizing the mean squared error
between its output vy(s;) and the pairwise-weighted sum of rewards Ry(s¢, ar).

The objective for training vy, is

-1
J5(W0) = Erem, [ (R (51, ar) — vy (s¢))?. (4.6)
=0

Note that flgWTD does not need this extra value function.

Updating ¢ via Meta-Gradient in the Outer-Loop. To update ¢, the
parameters of the pairwise weight functions, we need to compute the gradient of
the usual policy loss w.r.t. ¢ through the effect of ¢ on the inner-loop’s updates
to . This corresponds to the meta-gradient described in Restated here

for convenience, the meta-gradient is given by

VO (d) = Vo J () V. (4.7)
where,
T-1
Vo d () = Epr [D Alst, ar) Vi log my (ass)], (4.8)

=0
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7' is another trajectory sampled by executing the updated policy 7, and A is
the regular advantage.

Note that we need two trajectories, 7 and 7/, to make one update to the meta-
parameters ¢. The policy parameters ) are updated after collecting trajectory 7. The
next trajectory 7’ is collected using the updated parameters n’. The ¢-parameters
are updated on 7/. In order to make more efficient use of the data, we follow Xu
et al|[2018] and reuse the second trajectory 7/ in the next iteration as the trajectory

for updating 7. In practice, we use modern auto-differentiation tools to compute

lequation (4.7) without applying the chain rule explicitly. Computing the regular

advantage requires a value function for the regular return. This value function is

parameterized by { and updated to minimize the squared loss analogously to vg.

4.5 Experiments

In this section, we present three sets of experiments to investigate the effectiveness
of the proposed advantage estimators and the meta-gradient algorithm to learn
them. In we show experiments in simple tabular MDPs that allow
visualization of the pairwise weights learned by Meta-PWTD and -PWR. The results
show that the meta-gradient adaptation both increases and decreases weights in a
way that can be interpreted as reflecting explicit credit assignment and variance
reduction. In the second set of experiments presented in [section 4.5.2 we test
Meta-PWTD and -PWR with neural networks in the benchmark credit assignment
task Key-to-Door [Hung et all) 2019]. We show that Meta-PWTD and -PWR
outperform several existing methods for directly addressing credit assignment, as
well as TD(\) methods, and show again that the learned weights reflect domain
structure in a sensible way. In the third set, in we evaluate Meta-
PWTD and -PWR in two benchmark RL domains, bsuite |Osband et al., 2019
and Atari, and show that our methods do not hinder learning when environments

do not pose idealized long-term credit assignment challenges.
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Figure 4.2: (Left) Depth 8 DAG environment with choice of two actions at each state and
rewards along transitions. (Right) Learning performance of regular return, handcrafted
weights, and fixed meta-learned weights. Results are averaged over 5 independent runs.
Low is good.

4.5.1 Learned Pairwise Weights in a Simple MDP

Consider the environment represented as a directed acyclic graph (DAG) in [figure 4.2)
(left). In each state in the left part of the DAG (states 0-14, the first phase), the
agent chooses one of two actions but receives no reward. In the remaining states
(states 1544, the second phase), the agent has only one action available and it
receives a reward of +1 or —1 at each transition. Crucially, the rewards the agent
obtains in the second phase are a consequence of the action choices in the first
phase because they determine which states are encountered in the second phase.
There is an interesting credit assignment problem with a nested structure; for
example, the action chosen at state 1 determines the reward received later upon
transition into state 44. We refer to this environment as the Depth 8 DAG and
also report results below for depths 4 and 16.

In the DAG environments, we use tabular policy, value function, and meta-
parameter representations. The parameters n, ¥, &, and ¢ represent the policy,
baseline for the weighted return, baseline for the regular return, and meta-parameters
respectively. The meta-parameters ¢ are a |S| x |S| matrix. The entry on the ith
row and the jth column defines the pairwise weight for computing the contribution
of reward at state j to the return at state ¢. A sigmoid function is used to bound
the weights to [0, 1], and the meta-parameters are initialized so that the pairwise

weights are close to 0.5. Note that even in a tabular domain such as the DAG,
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Figure 4.3: inner-loop-reset weight visualization: Top: Handcrafted pairwise weights for

Depth 8 DAG; rows and columns correspond to states in [Figure 4.2 Middle: Meta-learned
weights for Depth 8 DAG for Meta-PWR and Bottom: Meta-PWTD.

setting the credit assignment weights by random search would be infeasible due to
the number of possible weight combinations. This problem is exacerbated by larger
domains discussed in the following sections. For this reason, the meta-gradient

algorithm is a promising candidate for setting the weights.

Visualizing the Learned Weights via Inner-Loop Reset To clearly see the
most effective weights learned with the meta-gradient for a random policy, we
repeatedly reset the policy parameters to a random initialization while continuing
to train the meta-parameters until convergence. More specifically: the meta-
parameters ¢ are trained repeatedly by randomly initializing n, ¥, and & and

running the inner-loop for 16 updates for each outer-loop update. Following existing

work in meta-gradient [Veeriah et al., 2019, Zheng et al., 2020], the outer-loop

objective is evaluated on all 16 trajectories sampled with the updated policies.

The gradient of the outer-loop objective on the ith trajectory with respect to ¢ is
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backpropagated through all of the preceding updates to 1. The hyperparameters
for this experiment are provided in fappendix Al

What pairwise weights would accelerate learning in this domain?
(top) visualizes a set of handcrafted weights for APWR ip the Depth 8 DAG; each
row in the grid represents the state in which an action advantage is estimated, and
each column the state in which a future reward is experienced. For each state pair
(si,s;) the weight is 1 (yellow) only if the reward at s; depends on the action choice
at s;, else it is zero (dark purple; the white pairs are unreachable). [Figure 4.2
(middle) shows the corresponding weights learned by Meta-PWR. Importantly, the
learned pairwise weights have been increased for those state pairs in which the
handcrafted weights are 1 and have been decreased for those state pairs in which the
handcrafted weights are 0. As in the analysis of the simple domain in [section 4.3]
these weights will result in lower variance advantage estimates.

The same reset-training procedure was applied to APWTP, (bottom)
visualizes the resulting weights. Since the TD-errors depend on the value function
which are nonstationary during agent learning, we expect different weights to
emerge at different points in training; the presented weights are but one snapshot.
Regardless of the nonstationarity, a clear contrast to reward weighting can be
seen: high weights are placed on transitions in the first phase of the DAG, which
yield no rewards—because the TD-errors at these transitions do provide signal
once the value function begins to be learned. Infappendix A] we explicitly probe
the adaptation of AYWTP to different points in learning by modifying the value
function in reset experiments, and show that the weights indeed adapt sensibly

to differences in the accuracy of the value function.

Evaluation of the Learned Pairwise Weights After the 5-reset training of
the pairwise-weights completed, we used them to train a new set of 1 parameters,
fixing the pairwise weights during learning. |[Figure 4.2| (right) shows the number
of episodes to reach 95% of the maximum score in each DAG, for policies trained

with regular returns, handcrafted weights (H-PWR), and meta-learned weights.
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Figure 4.4: (Top) The three phases in KtD. The blue circle denotes the agent. (Bottom
left) Visualization of Handcrafted weights in the KtD experiment. (Bottom right) Weights
learned by Meta-PWR in the u = 5,0 = 5 configuration.

Using the meta-learned weights learned as fast as (indeed faster than) using the
handcrafted weights, and both were faster than the regular returns, with the gap
increasing for larger DAG-depth. We conjecture that the learned weights performed
even better than the handcrafted weights because the learned weights adapted to
the dynamics of the inner-loop policy learning procedure whereas the handcrafted
weights did not. Learning curves presented in show that all method

achieved the optimal performance in the end.

4.5.2 Key-to-Door Experiments

We evaluated Meta-PWTD and -PWR the Key-to-Door (KtD) environment [Hung
that is an elaborate umbrella problem that was designed to show-off
the TVT algorithm’s ability to solve TCA. We varied properties of the domain to
vary the credit assignment challenge. We compared the learning performance of
our algorithms to a version of APWR that uses fixed handcrafted pairwise weights
and no meta-gradient adaptation, as well as to the following five baselines (see
related work in [section 4.2): (a) best fixed-A: Actor-Critic (A2C) [Mnih et al., 2016
with a best fixed A found via hyperparameter search; (b) TVT [Hung et al., [2019]

(using the code accompanying the paper); (c) A2C-RR: a reward redistribution
method inspired by RUDDER [Arjona-Medina et al., 2019]; (d) Meta-A(s) [Xul
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et al., 2018]: meta-learning a state-dependent function A(s) for A-returns; and (e)
RGM [Wang et al., 2019b]: meta-learning a single set of weights for generating

returns as a linear combination of rewards.

Environment and Parametric Variation KtD is a fixed-horizon episodic task
where each episode consists of three phases top). In the Key phase (15
steps in duration), there is no reward and the agent must navigate to the key to
collect it. In the Apple phase (90 steps in duration), the agent collects apples;
apples disappear once collected. Each apple yields a noisy reward with mean u

and variance o2.

In the Door phase (15 steps in duration), the agent starts at
the center of a room with a door but can open the door only if it has collected
the key earlier. Opening the door yields a reward of 10. Crucially, picking up
the key or not has no bearing on the ability to collect apple rewards. The apples
are the noisy rewards that distract the agent from learning that picking up the key
early on leads to a door-reward later. In our experiments, we evaluate methods

on 9 different environments representing combinations of 3 levels of apple reward

mean and 3 levels of apple reward variance.

Implementation The agent observes the top-down view of the current phase
rendered in RGB and a binary variable indicating if the agent collected the key or
not. The policy () and the value functions (¢ and &) are implemented by separate
convolutional neural networks. The meta-network (¢) computes the pairwise weight
w;; as follows: First, it embeds the observations s; and s; and the time difference
(j — i) into separate latent vectors. Then it takes the element-wise product of
these three vectors to fuse them into a vector h;;. Finally it maps h;; to a scalar
output that is bounded to [0, 1] by sigmoid. We tuned the hyperparameters for
each method on the mid-level configuration (¢ = 5,0 = 25) and kept them fixed
for the other 8 configurations. Each method has a distinct set of parameters (e.g.

outer-loop learning rates, \). We referred to the original papers for the parameter

ranges searched over. More details are in [appendix Al
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Figure 4.5: Learning curves for the KtD domain. Each column corresponds to a different
configuration. The x-axis denotes the number of frames. The y-axis denotes the episode
return in top row and the door phase reward in bottom row. The solid curves show the
average over 10 independent runs and the shaded area shows the standard errors.

Empirical Results presents learning curves for Meta-PWTD, Meta-
PWR, and baselines in three KtD configurations (the remaining configurations are
in the appendix). Learning curves are shown separately for the total episode return
and the door phase reward, the latter a measure of success at the long-term credit
assignment. Not unexpectedly, H-PWR which uses handcrafted pairwise weights
performs the best. The gap in performance between H-PWR and the best fixed-\
shows that this domain provides a credit assignment challenge that the pairwise-
weighted advantage estimate can help with. The TVT and A2C-RR methods used a
low discount factor and so relied solely on their heuristics for learning to pick up the
key, but neither appears to enable fast learning in this domain. In the door phase,

Meta-PWR is generally the fastest learner after H-PWR. Meta-PWTD, though
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Catch Catch Noise Catch Scale Umbr. Length Umbr. Distract Cartpole Discount Chain

A2C 5975 42221 56800 38050 37524 76874 3554

A2C-RR 5950 42295 57033 38083 37433 71506 3548

RGM 7849 48268 54421 40397 40159 119102 2444
Meta-PWTD 6096 41106 48199 37973 37226 65945 1040

Meta-PWR 5967 43076 49361 38168 36554 61752 161

Table 4.1: Total regret on selected bsuite domains (low is good).

slower, achieves optimal performance. Although RGM performs third best in the
door phase, it does not perform well overall, suggesting that the inflexibility of its
single set of reward weights (vs. pairwise of Meta-PWR) forces a trade off between
short and long-term credit assignment. In summary, Meta-PWR outperforms all
the other methods and Meta-PW'TD is comparable to the baselines.

Figure 4.4] presents a visualization of the handcrafted weights for H-PWR
(bottom left) and weights learned by Meta-PWR (bottom right). In each heatmap,
the element on the ¢-th row and the j-th column denotes w;;, the pairwise weight for
computing the contribution of the reward upon transition to the j-th state to the
return at the ¢-th state in the episode. In the heatmap of the handcrafted weights,
the top-right area has non-zero weights because the rewards in the door phase
depend on the actions selected in the key phase. The weights in the remaining part of
the top rows are zero because those rewards do not depend on the the actions in the
key phase. For the same reason, the weights in the middle-right area are zero as well.
The weights in the rest of the area resemble the exponentially discounted weights
with a discount factor of 0.92. This steep discounting helps fast learning of collecting
apples. The learned weights largely resemble the handcrafted weights, which indicate
that the meta-gradient procedure was able to simultaneously learn (1) the important
rewards for the key phase are in the door phase, and (2) a quick-discounting set of

weights within the apple phase that allows faster learning of collecting apples.

4.5.3 Experiments on Standard RL Benchmarks

Both the DAG and KtD domains are idealized credit assignment problems. However,
in domains outside this idealized class, Meta-PWTD and -PWR may learn slower

than baseline methods due to the additional complexity they introduce. To
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evaluate this possibility we compared them to baseline methods on bsuite |[Osband
et al., 2019] and Atari [Bellemare et al., 2013], both standard RL benchmarks.
For these experiments, we did not compare to Meta-\(s) because it performed
similarly to the fixed-A baseline in previous experiments as noted in the original
paper [Xu et al., 2018].

bsuite is a set of unit-tests for RL agents: each domain tests one or more
specific RL-challenges, such as exploration, memory, and credit assignment, and
each contains several versions varying in difficulty. We selected all domains that are
tagged by “credit assignment” and at least one other challenge. These domains are
not designed solely as idealized credit assignment problems. We ran all methods
for 100K episodes in each domain except Cartpole, which we ran for 50K episodes.
Each run was repeated 3 times with different random seeds. shows the
total regret. Overall Meta-PW'TD or -PWR achieved the lowest total regret in
all domains except for Catch. It shows that Meta-PWTD and -PWR perform
better than or comparably to the baseline methods even in domains without the
idealized umbrella-like TCA structure.

To test scalability to high-dimensional environments, we conducted experiments
on Atari. Atari games often have long episodes of more than 1000 steps thus episode
truncation is required. However, the returns in RGM and Meta-PWR are not in a
recursive additive form thus the common way of correcting truncated trajectories
by bootstrapping from the value function is not applicable. TVT also requires
full episodes for value transportation. Therefore, we excluded RGM, TVT, and
Meta-PWR and only ran Meta-PWTD, A2C-RR and A2C. For each method we
conducted hyperparameter search on a subset of 6 games and ran each method
on 49 games with the fixed set of hyperparameters; see appendix for details. An
important hyperparameter for the A2C baseline is A, which was set to 0.95.

Figure 4.6| (inset) shows the median human-normalized score during training.
Meta-PWTD performed slightly better than A2C over the entire period, and both
performed better than A2C-RR shows the relative performance of Meta-
PWTD over A2C. Meta-PW'TD outperforms A2C in 30 games, underperforms in 14,
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Figure 4.6: Relative performance of Meta-PWTD over A2C (A = 0.95). All scores are
averaged over 5 independent runs with different random seeds. Inset: Learning curves of
median human normalized score of all 49 Atari games. Shaded area shows the standard

error over b runs.

and ties in 5. These results show that Meta-PW'TD can scale to high-dimensional
environments like Atari. We conjecture that Meta-PWTD provides a benefit in

games with embedded umbrella problems but this is hard to verify directly.

4.6 Conclusion

In this chapter, we introduced two new advantage estimators with pairwise weight
functions as parameters, designed for use in policy gradient algorithms, along with
a meta-gradient algorithm to learn these pairwise weights. Our simple analysis and

empirical work confirmed that the additional flexibility provided by these advantage
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estimators is beneficial, particularly in domains with delayed consequences of actions,
such as umbrella-like problems. Moreover, we demonstrated that the method can
be used even in large-scale environments like Atari. These findings complement the
broader theme of enhancing sample efficiency in RL, as discussed in [chapter 1] In the
next chapter, we will return to meta-gradient algorithms but instead of proposing

new applications for meta-gradients we focus on better estimation of them.
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5.1 Introduction

In the previous chapter, we introduced an adaptive credit assignment heuristic,

which we tuned online using meta-gradients. This and the many other meta-

66
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gradient algorithms surveyed in chapter are promising approaches for
more sample efficient RL. However, in order for these algorithms to work well, they
need high quality estimates of the meta-gradients. While meta-gradient estimation
has attracted significant attention, as we saw in it has mostly focused on
the few-shot meta-RL setting. Furthermore, the previous work on meta-gradient
estimation has resulted in some amount of confusion about bias of the estimators
and best practices. To help fix this, in this chapter, we present a study of the
bias-variance tradeoff in meta-gradients in the many-shot setting.

We start off by tackling a confusion about the bias in the meta-gradient
estimators. Computing the meta-gradient requires differentiating through the
agent’s parameter update, which may itself include an estimated policy gradient.
Foerster et al.| [2018] and others have claimed that an estimate of the expected policy
Hessian should be included in the meta-gradient estimator, and provide methods for
calculating such an estimate or reducing its variance. In this chapter, we present the
surprising result that using an estimate of the expected Hessian in the meta-gradient
estimator actually adds bias, which can degrade performance. Such a term would
only make sense if the agent made an expected policy gradient update, rather than
the sampled update that must be taken using finite data. Instead, the correct meta-
gradient of a standard policy gradient update can be computed by straightforward
backpropagation of a surrogate loss, as is typical in RL. This focus on estimating
expected Hessians may have distracted the community from the challenges in
meta-gradient estimation in the many-shot setting described in

Therefore, we continue with an investigation of the bias from truncating the
meta-gradient estimator, which is a problem specific to the many-shot setting. In the
few-shot setting, the meta-gradient can be computed via backpropagation over the
whole optimization trajectory of the inner learning problem. Due to computational
constraints, this is not feasible in the many-shot setting. A common approach is to
compute the meta-gradient over a truncated optimization horizon. As a result of
truncation, neither the direct meta-gradient nor the sampling correction may be

calculated exactly. It is therefore unclear how the truncated sampling correction
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affects the bias and variance of the meta-gradient estimation. In this chapter,
we study how bias and variance may be traded off by varying the truncation
horizon and the weight given to the sampling correction. We find that, while
sampling correction does not uniformly reduce the bias of truncated estimators,
it nevertheless yields convergence to better local optima. The cost of using the
sampling correction is increased variance.

These considerations highlight that meta-gradient estimation, particularly in
the many-shot meta-RL setting, is a complex challenge. This raises the question:
are there simpler approaches for optimizing meta-parameters? One alternative
is to use black-box methods like ES [Rechenberg), (1971} Schwefel, [1977]. On one
hand, as a black box method, ES does not require new derivations for handling
the changing data distribution and it has favorable memory requirements when
used with long optimization horizons. On the other, its sample complexity grows
with the number of parameters being optimized. We empirically relate the bias
and variance of backpropagation based meta-gradient estimators to those of ES and
find a cross-over point, where the variance of the sampling corrected meta-gradient
becomes higher than that of ES. We also compare the different estimators in a
many-shot setting in practice and find that none of them are good enough for
training complex meta-parametrizations.

Our contributions are as follows.

o We show mathematically why using the expected policy Hessian estimator
is incorrect and demonstrate that the resulting bias harms performance in

practice.

o We show how the variance of the sampling correction for meta-gradients grows
counter intuitively, how it works in the truncated optimization setting, and

how standard advantage estimation fails for the sampling correction.

o We characterize the bias-variance tradeoff due to truncated optimization and

the sampling correction in an empirical study, relating existing approaches to
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each other and showing how to interpolate between them. We also compare

the backpropagation-based estimators to ES.

5.2 Background

In this chapter, we assume the many-shot single-task meta-RL setting described
in To briefly recap the setting, the inner-loop is a policy gradient
algorithm with meta-parameters ¢ producing a sequence of task-horizon H policies
parameterized by n". The outer-loop updates the meta-parameters to maximize

the return of each of the policies produced by the inner-loop as defined by the

meta-RL objective fequation (2.16)l All of the derivations presented in this chapter

are straightforward to apply to the multi-task meta-RL setting as well.

When the task-horizon H is large, computing the exact meta-gradient with
backpropagation is challenging due to limited memory and the rugged objective
landscape [Metz et al., [2019]. Hence, backpropagation along the trajectory of
updates is commonly truncated to a window of optimization steps much shorter
than H. Computing the meta-gradient over such truncation windows results in
bias. Nonetheless, this approach has been employed successfully in practical meta-
RL algorithms, e.g. |Oh et al.| [2020]. In the multi-task meta-RL setting, the
truncation is needed for computational convenience. However, in the single-task
meta-RL setting, where the meta-gradients are used for tuning an RL algorithm
online, the truncation is necessary because the outer-loop can’t wait for the inner-

loop optimization to conclude.

5.2.1 Estimating the Hessian of Policy Value

The standard approach for estimating the first derivative of J(n) is to construct
a surrogate loss of the form = .p >, ,c, logm,(als)R(7) and differentiate it w.r.t.
n. |Foerster et al. [2018] show that naively differentiating this surrogate loss a
second time does not compute an unbiased estimate of the Hessian V}.J(n). They
propose a new surrogate objective called DiCE that may be differentiated any

number of times to compute estimators of any-order derivatives of J(n). Subsequent
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work [Farquhar et al., 2019, Liu et al., 2019, Mao et al., [2019, Rothfuss et al.
2018, |Tang et al 2021] builds on this approach or proposes alternative strategies
for estimating this Hessian, which is assumed to be important for meta-gradient
estimation. However, contrary to the claims made by |Foerster et al. [2018] and
others, we show below that when estimating the Hessian for meta-gradients in
practice, using an estimate of V%J (n) always adds bias and has high variance

whereas the naive approach does not add bias.

5.3 Bias and Variance of Meta-Gradient Estima-

tors

In this section, we investigate the bias and variance of meta-gradients due to the
Hessian estimation and sampling corrections in theory. We first show the surprising
result that including the Hessian of the ezpected inner objective adds rather than
removes bias. Then, we explore three key considerations relating to the sampling
correction terms, which are missing from most current meta-gradient algorithms and
have not been discussed widely in the literature. First, we show how the variance
of the sampling correction terms grows counter intuitively with the batch size of
the inner loop, and present a weighting scheme for mitigating variance. Second, we
discuss the bias from sampling corrections in the truncated optimization setting.
Third, we show that standard advantage estimation with a state-dependent baseline

results in bias when used with the sampling correction terms.

5.3.1 Estimating the Hessian of the Inner-Loop Objective

If the inner-loop update function is gradient-based, then the term V, . Us(n",D") in
equation induces a second-order derivative: the Hessian of the objective that is
differentiated in the inner-loop. If this inner-loop objective was the expected policy
value J(n), then this Hessian is exactly the Hessian of policy value discussed

in [section 5.2.1k

V2J () = Brepiran) Kvn log 7, (1) V,log 7, (1) T + V7 log 7r77(7')> R(T)] . (5.)
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The works discussed in either directly estimate this quantity through
sampling or propose lower-variance, but biased, estimators. Regardless, they all
refer to equation [5.1] as the desired quantity.

However, in almost all practical cases, the ezpected policy gradient V, J(n) is
intractable and thus cannot be used in the inner loop. Instead, we must use the
gradient of the sampled objective V, J(n, D) given by equation . The update
function is then a deterministic function of its inputs, which now include the
data. The Hessian of this sampled objective is consequently easy to compute with

reverse mode automatic differentiation, simply by backpropagating through the

computation graph of the sequence of updates in jequation (2.17)l This is indeed

what many meta-gradient implementations do in practice [Zahavy et al., 2020,
Zheng et all 2020]. Computing the Hessian of the sampled objective gives:

1 > V% log 7, (T)R(T). (5.2)

V2J(n,D) =
! D| %

The term V,, log 7, (7)V,, log 7,(7) T R(7) € R% >4 does not appear in this stochastic
Hessian. Estimates of the Hessian of the expected objective thus include this spurious
term which introduces bias, except in edge cases for which it vanishes, such as MDPs
with no rewards. Therefore, the meta-gradient estimators discussed in [section 5.2.1],
which estimate the Hessian by [equation (5.1)] are biased in practice. In [section 5.4]

we illustrate the bias and variance resulting from using these estimators in practice.

5.3.2 Variance due to the Sampling Correction

In [section 2.2.1] we introduced the unbiased meta-gradient estimator, which
includes the sampling correction terms of the form V1’ V,; log p} (D’)R(7) where
log p%(Dj ) =Y cps log p%(T) These terms include the gradient of the log probability
of the entire batch of samples D’, and so involve a sum over the batch elements.

Intuitively, in normal policy gradient RL the probability of sampling a particular
reward can only depend on the trajectory leading to that reward as the policy
parameters 7 are fixed. In meta-gradient meta-RL, by contrast, the parameters 1’

vary, and depend on every trajectory used by the update function up to iteration j.
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The sampling correction accounts for these dependencies. Unfortunately, this means
the variance of the sampling correction counter intuitively grows with the batch
size of the inner loop. The variance is of course still reduced by increasing the
meta-batch size in the outer-loop.

In normal RL, although the dependencies are restricted to a single trajectory, a
discount factor is still typically used to downweight the credit assigned to temporally
distant actions. This reduces variance, but introduces bias with respect to the
undiscounted objective. Similarly, we may downweight the sampling correction terms
to trade off bias and variance in meta-gradient meta-RL. One strategy for enabling
this trade-off is to uniformly weight the sampling correction terms by a coefficient &:

H 1 h—1 ) )
Z ﬁ (5 Z V' Vi log pi (D7) Z R(7) + Z V¢7]hvnh 1ngnh<T>R(T)>.
h=0 j=0 TeDh TeDh

(5.3)

This sampling correction coefficient is related to the & hyperparameter of E-MAML
[Stadie et al.; 2018], but we do not separately divide by the batch size, which is done
in implementations of E-MAML though not motivated in the paper. Therefore, the
meta-gradient estimator is unbiased when our £ = 1.0. We investigate the bias-
variance tradeoff induced by this £ infsection 5.4 The coefficient ¢ is only one possible

scheme to trade off bias and variance. Motivated by analogy to the usual discounting

procedure in RL, we consider an exponential discounting in [appendix B.2|

5.3.3 Sampling Corrections in Truncated Optimization

To the best of our knowledge none of the many-shot meta-RL algorithms using
truncated backpropagation employ any form of sampling correction, and it is not
known how the sampling correction works in the truncated setting. The truncation

changes the terms in equation making it a biased estimator. Since the sampling

correction terms are a product of the derivative in jequation (2.19) and the gradient

of the log probability of a batch, they also become biased when truncation is
used. Because of the complex dynamics of the optimization process, we have no

reason to believe that the bias from truncating the backpropagation decreases
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monotonically with the truncation length. Therefore, it is possible that using the
sampling correction on a truncated meta-gradient estimator increases rather than
decreases the bias. In addition to changing the derivatives, approximating the
sum over H in equation with a sum over a shorter window causes bias by
modifying the surrogate loss even before backpropagation. We investigate the effect

of sampling correction on the truncated estimators empirically in [section 5.4}

5.3.4 Advantage Estimation for Sampling Corrections

Intuitively, we would like to use a standard advantage estimator, such as GAE pro-
posed by [Schulman et al| [2015], for the sampling correction terms in equation [2.18
However, we now show that using standard advantage estimation with the sampling
correction results in bias, due to dependencies between the previous policies on the
update trajectory and the value estimates of the updated policies.

As discussed in [chapter 2] the policy gradient via the surrogate loss with a simple
advantage estimator is given by V,J(n) o< By gup, (5,0 [V 1og T, (als)(Q(s, a) — b(s))].
The simple advantage estimator (s, a)—b(s) is unbiased because b(s) is independent
of a given s from which follows E,[V, log m,(a|s)b(s)] = 0. In equation it is
tempting to replace R(7) with an advantage estimator given by R(7) — V (1), where
V(7) is an estimate of the value of the policy in the first state of the trajectory
7 and V is trained on the data D! for 0 < 4 < h. This would allow sharing
the value estimator between the inner-loop and outer-loop. To get an unbiased
gradient estimate, we need EDiJanh(T) [V 10g pyi (DY)V (7)] for 0 < i < h to equal
0. However, this can be nonzero and thus lead to bias because the value function
estimator V itself depends on the data D'. More generally, any b(s), which depends
on D' leads to bias. In fappendix B.3] we demonstrate empirically the bias due

to the dependence of the value estimator on D.

5.4 Experiments

In this section, we conduct experiments to test the bias-variance tradeoff in practice.

We first consider a bandit setting to illustrate the sources of bias and the bias-
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Figure 5.1: (a) Comparing meta-gradient estimators in the bandit setting. In all
panels, the x and y axes correspond to the two meta-parameters defining the learning
rate schedule, the background shows the average return with the meta-parameter value
sampled at the center of the cell, the crosses show the nine initial meta-parameter values,
and the lines terminating in circles show the trajectories the parameters take during
meta-training. (b) Meta-learning curves for the meta-gradient estimators in the bandit
setting with truncated meta-optimization horizons. The shading of the curves shows the
standard error across seeds.

variance tradeoff in a simple case. Then, to verify that the findings from the
theory and the bandit experiments apply to the full RL problem, we consider
meta-learning in a gridworld.

In the bandit setting, we train agents with REINFORCE [Williams), [1992] for
multiple update steps on bandits with randomly sampled arm rewards. The meta-
learning problem is to learn separate learning rates for the early and late parts
of the inner learning. Hence, these two meta-parameters define a learning rate
schedule; intuitively, the agent must meta-learn an optimal trade-off of exploration
and exploitation for a given distribution of bandit tasks. The meta-parameters
are optimized over multiple parallel lifetimes and updated after the lifetimes have
concluded, at which point the agent is reset and new lifetimes are sampled. The full

details on the problem setting are given in [appendix B.4] We run all experiments
using JAX [Bradbury et al., [2018], evosax [Lange, [2022], and Tune |Liaw et al., [2018].

5.4.1 Sampling Correction and DiCE in Practice

We first investigate how the different meta-gradient estimators perform in an un-
truncated setting. In figure |5.1], we compare four different meta-gradient estimators
in the bandit setting by training the learning rate parameters starting from nine
initializations. The finite differences gradient estimator, which is unbiased, converges

to the local optimum. The naive estimator does not use the sampling correction,
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Figure 5.2: The bias and variance estimates for different meta-gradient estimators in the
bandit setting. The error bars show the standard deviation of the bias when computed
across bootstrap samples of the initializations. The different markers correspond to
different truncation lengths as given in the legend. The different colors correspond to
different sampling correction coefficients.

which leads to bias, causing the meta-parameters to move away from the local
optimum. The sampling corrected gradient estimator converges to the same local
optimum as the finite differences one, confirming that it is unbiased. We use DiCE
[Foerster et al., |2018] to represent the category of meta-gradient estimators that use
an estimate of the expected Hessian in the meta-gradient. Since the bandit problem
does not have a time dimension, some of the methods developed for reducing
variance of the expected Hessian estimator, including those proposed by |Rothfuss
et al.|[2018] and [Farquhar et al.| [2019], simply reduce to DiCE. Using DiCE does
not stop the meta-optimization from escaping the local optimum, demonstrating

that the DiCE meta-gradient is biased.

5.4.2 Bias-Variance Tradeoff of Meta-Gradient Estimators

Next, we investigate the bias-variance tradeoffs of the meta-gradient estimators.
We consider the tradeoffs with respect to the truncation length and the sampling
correction coefficient €. We also show how estimators using DiCE and ES compare.
The truncated meta-gradient estimators are computed by randomly sampling a

fixed-length window of inner loop updates during the lifetime and restricting
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backpropagation to that window. For each point in the comparison, we sample a
large number of such windows. The objective of the agent is the same as before,
i.e., the average lifetime return, which is approximated with the average return
within the truncation window.

The results of the comparison are presented in [figure 5.2l To estimate the bias,
we compute the average Euclidean distance of the approximated true meta-gradient
and the estimators at 25 points around the optimum of a bandit problem similar to
the one shown in To eliminate the effect of variance from the comparison,
we compute high-precision approximations using a large number of samples. The
true meta-gradient is approximated by finite differences. The error bars show
the standard deviation of the bias estimated with 10k bootstrap samples from
the 25 points, to reflect how much the bias varies across the meta-optimisation
landscape. Because the sampling correction coefficient and length of the truncation
window change the magnitude of the meta-gradient, while its direction may be more
important in practice, we also present the same data using cosine similarity as the

bias measurement in the results are qualitatively similar.

Effect of the Truncated Backpropagation shows that the general
trend is for the bias to decrease with the increased truncation length. However, for
multiple truncation lengths, the standard deviation of the bias of the uncorrected esti-
mator overlaps with the mean of the other truncation lengths. This suggests that the
bias of the uncorrected estimator does not decrease monotonically with the increased

truncation length but may actually grow when a longer window is considered.

Effect of the Sampling Correction Coefficient confirms that
the untruncated and sampling corrected meta-gradient estimator has no bias. It
also shows that increasing £ tends to decrease bias. However, we observe that
for the truncated estimators, for some of the initializations the bias does not
decrease with £. This is because the sampling correction terms themselves are
biased in the truncated case and increasing their weight may increase the total

bias at some parts of the meta-parameter space. We demonstrate this effect in
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in the appendix, which shows a case where the bias increases with &

for one initialization and decreases for another.

Variance of the Estimators The variance of the meta-gradient estimators grow
rapidly with £ and the truncation length. The variance of the unbiased estimator
(¢ = 1, truncation length = 79) is multiple orders of magnitude higher than that
of the naive estimator (¢ = 0, truncation length = 1). This is partly explained
by the naive estimator having an order of magnitude smaller norm than the true
gradient. In settings with long truncation lengths and large inner-loop batch sizes,
the high variance from the sampling correction may prevent its use without more

extreme variance reduction methods.

Evolution Strategies While ES has high variance, shows a case where
its variance is smaller than that of the unbiased backpropagation-based estimator.
This is possible first because the black box design does not require an analogue to
the sampling correction to account for the effect of the meta-parameters on the
data distribution, and second because the variance of ES does not grow with the
truncation length as rapidly as that of backpropagation based meta-gradients. In
this case, the truncated ES estimators have larger variance than the untruncated one,

because the truncated ones are averaged over random windows along the lifetime.

Pareto Frontier The bias-variance tradeoff presented in gives rise
to a Pareto frontier. Only two points are guaranteed to be on the frontier. The
“naive” estimator with truncation length 1 is on the frontier because it has the
lowest variance out of all of the estimators considered. The other point is the
untruncated and sampling-corrected backpropagation-based estimator, which is the
only point that is guaranteed to be unbiased. However, in practice, the bias from
the smoothing of the objective in ES can be small and ES can therefore be on the
frontier too depending on the specifics of the problem, especially the length of the
lifetime. In general, ES has high variance, but its variance has a more favorable

dependence on the length of the lifetime than the backpropagation-based estimators,
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Figure 5.3: Meta-learning curves for the meta-gradient estimators in the MDP setting
with truncated meta-optimization horizons. The curves show a smoothed version of the
episodic returns throughout the meta-learning. The shading of the curves shows the
standard error across seeds.

so for very long lifetimes it will have lower variance than the backpropagation-based
counterpart. While the other estimators are not guaranteed to be on the frontier,
in the problems we consider we see that, increasing the truncation length has a

favorable bias-variance tradeoff to increasing sampling correction coefficient.

5.4.3 Using Sampling-Corrected Truncated Estimators

In the previous experiment, we found that the bias of the truncated meta-gradient
estimator may increase with the sampling correction coefficient under some condi-
tions. To investigate how using the sampling correction with the truncated estimator
works in practice, we train the meta-parameters of the bandits with the different
estimators. We train the meta-parameters for 200k steps using Adam |Kingma and
Bal, 2014]. suggests that higher sampling correction values asymptote to
better local optima. Thus, even though the sampling correction can increase the

bias of truncated estimators, it can still lead to better meta-learning performance.

5.4.4 Sampling Corrections for the Full RL Problem

We now compare some of the meta-gradient estimators on or close to the Pareto
frontier in the full RL problem. We consider a nonstationary gridworld environment
adapted from |Flennerhag et al.|[2021] where the agent searches for one of two
rewarding objects. The nonstationarity arises because the rewards of the objects
are swapped every 6400 steps. Due to the nonstationarity, no unbiased gradient

estimator exists. Nevertheless, we expect the truncation horizon and the sampling
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correction to matter in this setting as well. The agent is implemented as a neural
network without memory. The meta-learning problem is to learn a small neural
network that outputs the entropy coefficient used for training the agent using
a history of recent rewards as its input. The inner-loop trains the policy with
a standard actor-critic algorithm and updates the parameters using SGD. The

outer-loop updates the meta-parameters by gradient descent on the gradient given

by fequation (5.3), or ES gradient estimate on [equation (2.16)[ and uses Adam for
optimization. For full details on the setting and hyperparameters see fappendix B.5]

The learning curves for training the entropy schedule with backpropagation-

based and ES estimators are shown in As with the bandits, the truncation
length has a significant impact on the meta-optimization, largely determining what
kind of local optimum it converges to. The sampling correction seems to lead to
improved performance for the shorter truncation lengths, but results in very slow
learning for the longer ones. ES learns quickly but diverges from the local optimum
it reaches, making its overall performance poor. The meta-parametrization it learns
is qualitatively different from those learned by the other estimators as can be seen
from [appendix B.5] These results suggest that at least in this setting, the truncation
length is the main driver of the meta-learning performance, sampling correction
can be important in some cases, but ultimately using it makes the meta-learning

very slow, and that achieving stable meta-learning with ES can be difficult.

5.5 Related Work

In we provide a survey of literature relating to meta-gradient RL. In
this section, we discuss and draw comparisons between the analysis presented in
this chapter and the most closely related work. In concurrent works, Tang [2021]
and |Liu et al.| [2021] also show that the DiCE-style Hessian estimator is a biased
estimator of the true meta-gradient. In addition to discussing the bias from the
DiCE-style meta-gradient estimation, we investigate the bias-variance tradeoft due

to the sampling correction and truncation.
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As confirmed by our experiments, long truncation lengths lead to high variance
whereas short lengths increase bias. Bonnet et al.| [2021] propose to make the bias-
variance tradeoff in the truncation length by mixing multiple truncation lenghts
in a single update. |[Flennerhag et al.| [2021] take another approach to the tradeoff
by proposing a new bootstrapping meta-objective. These works consider the bias-
variance tradeoff due to truncated backpropagation, but they ignore the bias from
missing the sampling correction terms, which we investigate together with the
bias from truncation.

Besides RL, meta-gradients have been actively studied in supervised learning.
Wu et al| [2018] show that for some problems the bias from truncating the
optimization horizon yields suboptimal solutions. Metz et al. [2019] demonstrate
how backpropagation through many update steps yields highly non-smooth objective
surfaces making meta-learning challenging. [Franceschi et al.|[2017] show that for a
small number of meta-parameters, forward-mode gradient computation can be used
to overcome the memory constraint due to the long optimization horizon. These
works demonstrate how the optimization horizon can be important for meta-learning
and propose methods to alleviate the problems preventing meta-optimization over
long truncation horizons. Despite their applications in supervised learning, these
findings consider backpropagation through gradient-based updates and as such

apply to meta-gradient estimation for RL as well.

5.6 Conclusion and Limitations

In this chapter, we investigated the estimation of meta-gradients in meta-RL. We
showed that, contrary to claims in prior work, using an estimator of the expected
Hessian in the meta-gradient estimator always adds bias, and is likely to also increase
variance. Furthermore, we discussed the sampling correction needed for unbiased
meta-gradient estimates, and described how it may be employed in the truncated
optimization setting. In doing so, we explored the space of bias-variance tradeoffs
that can be made in meta-gradient estimation. We also considered using ES instead

of backpropagation for estimating meta-gradients. While ES can have lower variance
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than backpropagation for long horizons, we were unable to achieve stable meta-
learning using it. We found all of the estimators considered to have severe drawbacks:
ES can be unstable, backpropagation scales poorly with the truncation length and
is biased without sampling correction, which in turn results in even higher variance.
Therefore, much work remains in developing better meta-gradient estimators that
are capable of training complex meta-parametrizations on complicated problems.

The empirical analysis presented in this chapter is limited to only a small
number of relatively simple problems, and is produced with finite resources for
hyperparameter search. While we kept things simple in order to avoid introducing
confounders, it is possible that the empirical results do not generalize to all

other domains.
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6.1 Introduction

In the previous chapters, we discussed the problem of meta-RL proposing new
applications and analyses of meta-gradients. Now, we shift our focus into IL,
which is the second focus area of this thesis. As discussed in [chapter 1], IL studies
learning behavior policies from expert demonstrations. When high-quality expert
demonstrations are available, this can be a very efficient way of learning the imitator.
However, acquiring a dataset of expert demonstrations for a particular problem
of interest can be expensive as the expert is often a human that has to control
the system manually or a policy trained using some more expensive algorithm

than IL. Therefore, in order to reduce the cost of collecting demonstrations as
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much as possible, we would like to be able to use demonstrations coming from
experts that are not fine-tuned for the IL problem at hand. One compelling case
where such data may be available is when we are training driving agents for traffic
scenarios. Using the sensors of the self-driving car, we can collect data from a
human expert demonstrating how to handle different traffic situations relatively
cheaply. However, the human expert does not observe the world through the sensors
of the car, but rather their own senses. The difference between the human senses
and the car sensors may result in the human noticing and reacting to events and
objects, such as sounds, smells, gestures, etc., in the traffic that are not observable
to the self-driving car. This leads to the imitation gap problem we introduced
in and 2] In we described some of the central algorithms used
in IL and discussed the causal confounding and missing exploration information
problems arising from the imitation gap. Next, we provide a broader literature

review for IL and the imitation gap problem.

6.2 Literature Review

Mitigating the Distribution Shift The workhorse of IL is BC, which means
just training a policy with supervised learning on the expert actions [Pomerleau,
1988]. BC suffers from a distribution shift problem, because the policy is trained
on the state-action distribution defined by the expert policy but at test time, the
actions are chosen by the policy itself. Even small imperfections in fitting the
expert policy may result in problematic distribution shift as more actions are taken,
due to a compounding of errors where the imitator deviates further and further
from the expert data [Ross et all 2011]. In [chapter 2] we discussed a common
mitigation to this issue called DAgger, which collects data using the imitator and
relabels it with the expert actions |[Ross et al., [2011]. If the expert’s policy can be
changed during data collection time, injecting noise to the expert actions may also
help with the distribution shift, as it results in the expert visiting a larger set of
states [Laskey et all 2017]. Another potential fix to the problem is to make the

policy predict multiple actions at a time, also known as action chunking, which
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is a concept studied in psychology [Lai et al., 2022]. Action chunking has been

found to be remarkably effective in helping with the compounding error resulting
from the distribution shift [Bharadhwaj et al., 2024, [Fu et al., 2024} Zhao et al.|
2023]. Alternative training objectives such as diffusion [Chi et al., [2023], implicit

BC [Florence et al.| 2022, and auxiliary tasks prediction tasks |[Rahmatizadeh et al.,

2018| have been tried as well with strong results. Despite strong performance of
the different objectives, using a standard BC objective with action chunking and

other augmentations remains competitive for training policies for complex robotic

applications [Fu et al. [2024] |Zhao et al., 2023].

Trajectory-Conditional Policies Imitation learning in partially observable
environments usually requires conditioning the action selection on more than just
one observation from the environment. This is the case even when the expert and

the imitator have access to the same information about the environment. [Brohan!

et al.|[2022], Shafiullah et al. [2022] consider using Transformers [Vaswani et al.,

2017] as a sequence model to incorporate information throughout the history of the
interaction. Other imitator architectures that can make use of historical information

are RNNs [Mandlekar et al., [2021, Rahmatizadeh et al., 2018] and networks using

temporal convolution [Jang et al., 2022]. Current state of the art for robotic

applications makes use of Transformer-based policies that condition on the entire

trajectory [Fu et all) 2024] Zhao et all 2023].

Language-Conditional IL As LLMs [Achiam et al., 2023, [Brown, [2020] have

influenced nearly every aspect of Al, it is no surprise that they have also been applied
to IL. One prolific area of research for using language models for imitation has been

language-conditional IL, where the task the imitator is expected to solve is presented

as a natural language description [Brohan et al. [2022, Jang et al., 2022, Shridhar|

et all 2022, 2023]. A particular advantage of conditioning on language is the

availability of strong pre-trained models that in combination with large IL datasets

can enable generalization to new language defined tasks [Jang et al., 2022], semantic

concepts [Shridhar et al., [2022], and robot morphologies [Brohan et al.| 2022].
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6.2.1 Inverse RL

As described in [chapter 2] IRL is a closely related subject to IL, where instead of
directly learning policies, the methods aim recover a reward function from expert
demonstrations. A foundational work in IRL is maximum margin IRL [Abbeel and
Ng;, 2004], where the goal is to find a reward function under which the expert policy
is optimal, while maintaining a large margin between the expert’s trajectory and
other suboptimal ones. This method paved the way for reward-based approaches to
imitation learning, improving upon the limitations of direct behavioral cloning. An
influential development following on maximum margin IRL is maximum entropy
IRL [Ziebart et all 2008a], which we discussed in more detail in [section 2.3.1]
Maximum entropy IRL uses the principle of maximum entropy to disambiguate
among the possible reward functions. Besides learning reward functions, learning
Q-functions is also possible and can lead to improved policy learning [Dvijotham
and Todorov|, 2010} (Garg et al., [2021]. While IRL methods have advantages over
BC, their RL component is typically not sample efficient because it has to spend
time exploring policies that do not resemble the expert policy. |[Ren et al. [2024]
proposes to update the policy on the expert data as well as its own exploration
data to improve the sample efficiency.

Traditional IRL approaches are expensive to run due to the required RL
component. However, in return, they can often deal better than BC with the
distribution shift problem precisely because the RL algorithm learns to generalize
over states via the online interactions. It may be an easier problem to learn a
generalizable reward than a policy. This property of IRL has been put to good
use in various applications of IRL, where they have been used for learning control
policies for real-world platforms such as radio controlled helicopters |[Ng et al.|
2006], quadrupeds [Kolter et al 2008| Ratliff et al. 2009], navigation policies in
challenging terrains [Ratliff et al., 2009, Silver et al., [2010} Zucker et al., [2011], as
well as route preferences similar to those of real taxi drivers [Ziebart et al., 2008b].

Another way of using RL to learn imitators based on the expert data is to

consider a setting where a constant reward of +1 is assigned for taking the actions
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the expert took and zero reward is assumed elsewhere [Reddy et al., [2019, [Wang
et al), 2019a]. A standard off-policy RL algorithm can then be used to learn a value
function based on the data collected by the expert and the imitator. [Swamy et al.

[2021] develop the idea further and provides theoretical guarantees on the algorithm.

GAIL In [chapter 2| we discussed GAIL [Ho and Ermon| 2016], which is an
influential method in IL, closely related to the IRL setting. GAIL trains a
discriminator to tell apart data coming from the expert and the imitator, and
then uses the discriminator as reward for training the imitator with RL. GAIL can
be used for learning policies in high-dimensional settings [Bronstein et al., 2022,
Fu et al., 2018, Ho and Ermon, [2016] but has the drawback that the discriminator
itself does not represent a meaningful reward function at convergence when the
data distributions match. Adversarial inverse reinforcement learning [Fu et al.|
2018, AIRL]| is a further development of GAIL that provides a way to recover
reward functions that explain the expert behavior. Additionally, [Kolev et al.
[2024] improve sample efficiency of GAIL by introducing a world model that is

specialized to the IL setting.

6.2.2 Mitigations to the Imitation Gap

In this thesis, we focus on imitation gap problems arising from partial observability.
Prior work addressing the imitation gap typically assumes privileged access to
the true environment reward during training. Nguyen et al. [2022], Weihs et al.
[2021] assume access to the true reward during training, and propose to bridge the
imitation gap by training on a weighted imitation and RL loss. Other works propose
to also integrate privileged information about the expert during training |Chen
et al. [2019] in addition to the reward. For example, Elf Distillation [Walsman
et al., 2023 studies an approach that mixes environment reward with online advice
from the expert. (Cai et al.|[2021] propose several stages of training, including
those on privileged expert states, to connect the imitator and expert’s observation

spaces. Separately, versions of the imitation gap have been considered by [Kwon



|6. Imitation Learning Literature Review 89|

et al. [2020], Ortega et al.| [2021], |[Swamy et al.|[2022b] that assume that no new

exploratory behavior needs to be learned.

6.2.3 Transfer in IL

As discussed in the imitation gap resulting from partial observability,
can be seen as an instance of a broader problem where the differences between
the environments the expert and imitator are not limited to the information the
agents receive. Other differences between the expert and imitator environments

have been studied in the context of transfer learning in IL. Transferring policies

across robot morphologies has been studied by Bousmalis et al.| [2023], [Fang et al.|

[2023], Padalkar et al.| [2023], Team et al. |[2024], Yang et al.| [2023]. While in this

case the state spaces of the environments are completely different, transferring
across different robot morphologies could be seen as a problem that is solved
by generalization to new states and does not necessarily require new algorithmic

innovations relating to the imitation gap. A closely related problem is imitating

humans from videos [Chen et al., 2021, Das et al., 2021, [Edwards and Isbell, 2019,
Nair et al., [2022], [Radosavovic et all [2023], [Shao et al., 2021, [Smith et al., 2019,

Xiong et al., 2021]. While the data availability for human videos from online sources

is often good, learning policies from it is challenging because the imitator necessarily

does not share the state, observation, or action spaces with the demonstrator.
Another transfer setting in IL assumes that while actual expert data is expensive

to collect, data from policies that are not necessarily experts for the current task but

are from the same environment can be useful for learning the imitator [Cui et al.,

2022, [Lynch et al, 2020, Rosete-Beas et all 2023, Wang et al., [2023]. Since the

training data does not define the task unambiguously, this setting requires some other

way of defining the goal, such as conditioning on a future state [Cui et al., [2022].

6.2.4 Meta-IL

The imitation gap problems assume a distribution of MDPs, making them related

to the meta-RL [Beck et al., |2023] and meta-imitation learning (meta-IL) set-
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tings [Dasari and Gupta, 2021}, [Duan et al.| [2017, [Englert and Toussaint|, 2018,
Finn et all 2017b, James et al., 2018, |Johns| 2021} |Valassakis et al., |2022} |Yu
et al., [2018b]. In meta-IL, the aim is to train an imitation learning agent that
can adapt to new demonstration data efficiently. Differently the imitation gap
problems we consider, the tasks in meta-IL can vary in the reward function. For
imitation learning to work with the new reward functions, demonstrations of

policies maximizing the new rewards are required.

6.3 Conclusion

In this chapter, we provided a comprehensive review of imitation learning (IL),
highlighting key approaches to mitigating the distribution shift in behavioral cloning,
incorporating trajectory-based conditioning, and developing language-conditioned
policies. We also examined IRL and its variants, such as GAIL, and discussed their
unique advantages over direct policy imitation. Addressing the central theme of this
thesis, we explored the concept of the imitation gap — particularly when it arises
from partial observability — and surveyed methods designed to bridge this gap,
including leveraging privileged information and reward-based training strategies.
Furthermore, we touched upon transfer learning challenges in I, such as transferring
across different robot morphologies and imitating humans from videos, as well as
the meta-imitation learning framework aimed at adapting quickly to new tasks.
Building upon these foundations, in we interpret the imitation gap as
a causal confounding problem and proposes solutions using variational inference
techniques. In we confront an even more challenging setting where the
expert does not provide safe exploration guidance, necessitating more sophisticated

approaches to learning from limited and potentially incomplete demonstrations.
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7.1 Introduction

As discussed in and [0}, imitation gap refers to a set of problems in IL
where the expert provides demonstrations in a different environment from the one
the imitator faces. In the more severe instances of imitation gap, the expert data is
not enough to learn the desired behavior in the first place. We will return to such
problems in [chapter 8 In this chapter, we focus on a more limited version of the
imitation gap problem, where naively imitating an expert without accounting for the
gap is not actively harmful, it just fails to achieve the task the expert demonstrates.

For an illustrative example, consider collecting data from a stochastic expert
policy for IL in the classic game of Lunar Lander [Brockman et al., 2016] where the
mapping from the actions to the thrusters on the lander is randomized. The expert
occasionally employs the wrong thruster but, over the course of the whole episode,
uses the thrusters in a pattern that results in a safe landing. In order to learn the
correct mapping from the actions to the thrusters, the imitator has to account for
the entire trajectory of interaction with the environment and choose the actions
that most likely map to the correct thrusters. In such a situation, the imitator may
take their own past actions as evidence for the values of the confounder. This can
result in the imitator fixating on the pattern of actions the expert demonstrated
instead of using its observations about the effects the actions have to identify the
correct thrusters. This issue of causal delusion was first pointed out in |Ortega and
Braun| [2010alb] and studied in more depth by [Ortega et al. [2021]. These delusions
can also affect generative models including large language models [Ortega et al.,
2021]. Instead of general generative modeling, we focus on a control setting where
we have access to the true environment where the agent is going to be deployed.

Ortega et al.| [2021] show that using the classic DAgger algorithm [Ross et al.|
2011] solves this problem by querying the expert policy in the new situations the
agent encounters to provide new supervision for learning the correct behavior.
However, this kind of query access to the expert may not be available in practice.
As another solution to the confounded imitation learning problem, Swamy et al.

[2022b] propose to use IRL |[Ng et al., 2000, Russell, [1998]. However, IRL typically
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requires adversarial methods [Fu et al., 2018, [Ho and Ermon| 2016], which are not
as well behaved and scalable as supervised learning.

To get around the confounding problem without query access to the expert
or IRL, we propose a practical algorithm based on variational inference. In our
approach, an inference model for the latent variable is learned from exploration data
collected using the imitator’s policy. This inference model is used for inferring the
latent variable on the expert trajectories for training the imitator and for inferring
the latent variable online when the imitator is deployed in the environment. We
show that, in theory, this algorithm converges to the expert’s policy. In other
words, we show that the expert’s policy can be identified. Furthermore we show
that under strong assumptions this identification can be carried out purely from
offline data. Finally, we validate its performance empirically in a set of confounded
imitation learning problems with high-dimensional observation and action spaces.

These contributions can be summarized as follows:

o We propose a practical method based on variational inference to address
confounded IL without expert queries. We verify its performance empirically

in various confounded control problems, outperforming naive BC and IRL.

o We propose a theoretical method for confounded IL, purely from offline data,

without expert queries nor exploration.

o We provide theoretical insight into the proposed methods by proving under

strong assumptions that the expert’s policy can be identified.

7.2 Related Work

We provide a broad survey of literature on IL and the imitation gap problem
in [chapter 6] In this section, we focus on the immediately relevant related work
for the problem considered in this chapter.

Ortega and Braun| [2010ayb| and |Ortega et al| [2021] pointed out the issue

of latent confounding and causal delusions that we discuss in this chapter. In
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particular, (Ortega et al. [2021] propose a training algorithm that learns the correct
interventional policy. Unlike our algorithm, their approach requires querying experts
during the training. However, as we discuss in [section 7.4] their solution has weaker
assumptions and also applies to non-Markovian dynamics.

Most similar to our work is Swamy et al.| [2022b], which finds theoretical bounds
on the gap between expert behavior and an imitator in the confounded setting, when
imitating via BC, DAgger [Ross et al., 2011], which requires expert queries, or inverse
RL. Inverse RL suffers from two key challenges: (1) it requires reinforcement learning
in an inner loop with a non-stationary reward, and (2) the reward is typically learned
via potentially unstable adversarial methods [Fu et al., 2018, Ho and Ermon) 2016].
In contrast, our method trains the behavior policy using a well-behaved BC objective,
which often enjoys better robustness and scalability compared to inverse RL.

There are various other works on the intersection of causality and IL which
differ in setup. De Haan et al.| [2019] consider the confusion of an imitator when the
expert’s decisions can be explained from causal and non-causal features of the state.
It differs from our work as they assume the state to be fully observed, meaning it
does not apply to our situation in which there is a latent confounder which needs
to be inferred. This problem has been also discussed in Codevilla et al.|[2019], Wen
et al.| 2020, |2022] and Spencer et al.| [2021] under various names. Rezende et al.
[2020] point out that the same problem appears in partial models that only use
a subset of the state and find a minimal set of variables that avoid confounding.
Swamy et al.|[2022a] consider imitation learning with latent variables that affect
the expert policy, but not the state dynamics, which is different from our case, in
which the latent affects both the state and the expert’s actions. [Kumor et al.| [2021]
study the case in which a graphical model of the partially observed state is known
and find which variables can be adjusted for so that conditional BC is optimal. An

extension, Ruan et al. [2022], also handles sub-optimal experts.
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(a) Expert (b) Ignorant policy

Figure 7.1: Bayes nets illustrating (a) an expert trajectory and (b) an imitator trajectory.
The action chosen by the expert depends on the latent variable 6 (red arrows) whereas
the imitator’s does not. Instead, the imitator conditions on the past states and actions
(blue dotted arrows) to disambiguate the environment it is in.

7.3 Background

We begin by returning to the confounded imitation learning setting introduced
in [section 2.3.2] Following Ortega et al.| [2021], we discuss how BC fails in the
presence of latent confounders. We then define the interventional policy, the ideal

(but a priori intractable) solution to the confounding problem.

7.3.1 Confounded Imitation Learning

In we extended the IL setting to allow for some latent variables 6 € ©
that are observed by the expert, but not the imitator. Next, we discuss in more
detail how this setting results in the problem of causal confouding in IL. We define
the environment as a CMDP with latent space © distributed as p(#). Here, we
make the crucial assumption that the latent variable is constant in each trajectory.
We assume there exists an expert policy mexp(a | s,6) for each 6. When it interacts

with the environment, it generates the following distribution over trajectories 7:

T

pexp<7— | 6) = p(SO | 9) Hp(StJrl ‘ St, at70>7rexp(at ’ 87&70)-
t=0
In this setting, the trajectories from the expert distributions are called con-
founded, because the states and actions have a common ancestor, the latent

variable #. The imitator does not observe this latent variable. It may thus need to

implicitly infer it from the past transitions, so we take it to be a non-Markovian
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policy m,(a; | so, a0, S1,01,-..,5), parameterized by n. The imitator generates
the following distribution over trajectories:
T
pn(r | 0) = p(so | 0) HP(5t+1 | s¢,a4,0) Wn(at | 50,00, - -, 5¢).

t=0

The Bayesian networks associated with these distributions are shown in [figure 7.1

7.3.2 Naive Behavioral Cloning

If we have access to a data set of expert demonstrations, we can use BC on the
demonstrations to learn the maximum likelihood estimate of the expert’s policy. In

the confounded IL problem, at optimality, this learns the conditional policy:

7T-cond(a't | S0, Ao, - - -, St) = E9~pcond(9\‘r)7rexp(at | S¢, 0) 5 (71)

pcond(e ‘ T) X p(e) Hp(5t+1 ‘ S, G, 9>7Texp(at ’ St 0) )

t
where peona(€ | 7) is the posterior distribution over the latent variable given the
trajectory likelihood under the expert’s policy.

Following |Ortega et al.|[2021], consider the following example of a confounded

multi-armed bandit with A = © = {1,...,5} and S = {0,1}:

1 i ifar=0 3 ifa, =6

0 = = Nlex 70 - 10 ) :1 9 )0 - 4
P(0) = 5 mexp(ac | 51, ) {110 ifa, g P = L svant) {i if ay # 6.
(7.2)

The expert knows which bandit arm is special (and labeled by 6) and pulls it with
high probability, while the imitating agent does not have access to this information.
We define the reward in this bandit environment as r; = s,.1. However, note that
we compare imitation learning algorithms that do not access the reward of the
environment and only use the rewards for comparing the learned behaviors at
evaluation time.

If we roll out the naive BC policy in this environment, shown in we see
the causal delusion at work. At time ¢, inferring the latent by peonq takes past actions
as evidence for the latent variable. This makes sense on the expert demonstrations,

as the expert knows the latent variable. However, during an imitator rollout, the
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Conditional
N ey DT

Figure 7.2: Actions from rollouts from bandit environment defined by lequation (7.2

The z-axis is episode time. Five rollouts are shown vertically stacked for each of the
expert, lequation (7.1)[and lequation (7.3)| policies. Colors denote actions, with the correct
arm labelled green. As time progresses, the interventional policy tends to the expert’s
policy and chooses the correct arm more often than the others. In contrast, the conditional
policy tends to repeat itself only converging on the expert policy by luck.

past actions are not evidence of the latent, as the imitator is blind to it. Concretely,
the imitator will take its first action uniformly and later tends to repeat that action,

as it mistakenly takes the first action to be evidence for the latent.

7.3.3 Interventional Policy

A solution to this issue is to only take as evidence the data that was actually
informed by the latent, which are the transitions sampled from the dynamics

distribution p(siy1 | ¢, ar,0). This defines the following imitator policy:

Tint (e | 50,0, -+ 5¢) = Egpin (0 Texp (@t | 5¢,0)

Pint (0 ‘ ) o< p(0) 1:[p(3t+1 ‘ Sty Aty 9)> (7'3)

where, in contrast to lequation (7.1)| the expectation is over a posterior defined

only by the prior over the latent and dynamics distributions without a policy term.
In a causal framework, this corresponds to treating the choice of past actions as

interventions. To see this, consider the distribution p(ay, So, - - -, s¢|do(ag, - . ., a;_1)).

By classic rules of the do-calculus [Pearl, |2009], this is equal to

/@p(‘g)p(at|5t78) Hp(st’+1|8t’7at’;0)d0'

t'<t

Taking the conditional p(a¢|so, ..., S, do(ao, .. .,a;_1)) of that expression leads to

equation equation (7.3). The policy given by lequation (7.3)[is therefore known

as interventional policy [Ortega et al., [2021].
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7.3.4 Failure of the Conditional Policy

Whether the conditional policy of fequation (7.1) is able to imitate expert behaviors

under latent confounding depends on the relative contribution of evidence due to
the dynamics p(Sey1 | St,ar,0) and the policy mexp(ar | s¢,6) when inferring the
latent in the posterior peona(f | 7). If most evidence comes from the dynamics,
we expect the conditional and the interventional policies to be similar. On the
other hand, when most evidence comes from the policy decisions, we expect large
delusion. This is for instance the case when the expert policy is deterministic and
the dynamics stochastic, or when the latent influences the state transitions only in
parts of the state space, but always affects the expert behavior. Infappendix C.1]
we quantitatively study the behavior of the conditional and interventional policies

on the bandit example for varying amounts of dynamics and expert stochasticity.

7.3.5 Optimality of the Interventional Policy

To understand why the interventional policy may tend to the expert’s policy consider

Pint(0|7) in fequation (7.3)l Applying it to the bandit example, each subsequent

observation s;.1 after taking action a; provides some evidence for the latent 0: if we
find s;41 = 1, then the latent 6 is more likely to equal a;, if we find s;1; = 0, then
is less likely to equal a;. In [figure 7.2, we see that this “true interventional” indeed
approaches the expert’s policy. This is further illustrated insection 7.6.1] In this case,
the interventional policy thus presents a solution to the confounding problem. In the
rest of this chapter, we focus on the question if and how it can be learned from data.

Note that the interventional policy may only achieve optimal performance after
observing many time steps. However, it is not guaranteed to identify the latent
as fast as possible. Faster identification may require choosing actions according
to an active exploration strategy that uses its uncertainty about the latent to
guide action selection |Zhou et al., |2019]. We leave the study of such exploration

strategies for future work.
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7.4 Deconfounding Imitation Learning

In this section, we discuss how, instead of the conditional policy, we can learn the
interventional policy and thus fix the confounding problem. This improvement we
call deconfounding the imitation learning. First, we illustrate how this is provably
possible in theory under strong assumptions. We then show how to learn it in

practice, even when these assumptions don’t fully hold.

7.4.1 Identifying the Interventional Policy in Theory

Based on the graphical model shown in [figure 7.1 and applying the rules of
do-calculus, we can identify the interventional policy min(a; | So,a0,...,5) =

pladlso, - - -, s, do(ag, . .., a;—1)) by back-door adjustment [Pearl, 2009] if we observe

the latent variable ¢. This results in equation (7.3)l But since the latent 6 is

unobserved, the interventional policy is not identifiable without further assumptions
on the distribution.

However, we will now show that under some assumptions, the interventional
policy does become identifiable. First, we assume that the latent variable 6 of the
MDP is static, or in other words stays fixed during the interaction of the policy
with the MDP. This makes the dynamics and expert policy stationary in each
trajectory. If we combine this with the strong assumption of recurrence, commonly
used in theoretical reinforcement learning |[Watkins and Dayan, (1992, Thm. 1],

the interventional policy becomes identifiable.

Assumption 1. We assume that the MDP is recurrent [Norris, 1997, Sec. 1.5],

meaning that all state-action pairs s, a are reached infinitely often in each trajectory.

If the MDP is recurrent with the expert policy, it is possible to identify the
interventional policy in theory from an infinite dataset D of expert demonstrations
of infinite length. On each individual trajectory 7; with index ¢, we are able to count
the state and action transitions to estimate the transition probability p;(s'|s, a)
and expert policy 7;(a|s) of that trajectory. We can then compute the likelihood

of a dataset trajectory ¢ given a state-action sequence (s, ao, - .., s;) based on the
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estimated environment transitions, [T, p;(S¢+1]8¢, a;). The corresponding belief over

dataset trajectories ¢ follows from Bayes’ theorem as

Pint (1[50, @ S¢) = I1; Di(Se+1l5¢, ar)
int 05 Ay ooy St Zi,ntﬁi/(stﬂ-ﬂst,at) .

Then we can estimate
7%int<at|307 Qag, -, St) = ]EiNﬁint(i\so,at,...,st)ﬁ-@'(at|3t) . (74)
This successfully identifies the interventional policy:

Theorem 1. From infinitely many demonstrations of infinite length from a MDP

that is recurrent with the expert policy Tex,, we have that @ty from lequation (7.4)|

equals Ty, from |equation (7.3)|

Proof. Because of the recurrence assumption, we can correctly estimate p;(s'|s,a) =
p(s'|s,a,0;) and 7;(a|s) = Texp(als, d;). Then, suppressing a normalization factor

that is constant in ar, we write:
Tint (a7 S0, vy ST) X /@p(@) [E[p(st+1|st,at,9)] Texplar|sT,0)d0
x [ > p(6li)p(i) [1; p(stﬂ\st,at,@)] Texp(ar 57, 0)d0
o Zp(z) [l:[p(stﬂ\st, ag, 91)] Texp(ar|ST, 0;)
o > p(i) [l:[ﬁi(stﬂlst?at)] #iar|sr)

X Tint(ar|so, -, ST)

where we recognized p(6|i) as the (Dirac) delta distribution around 6;, and p(7) is

the uniform distribution over samples from the dataset D. O

In this proof, the stationarity of the dynamics and expert make it possible
to collect statistics across the time steps into distributions. Furthermore, the
proof crucially relies on the recurrence assumption, as it allows us to evaluate the

likelihood of any state-action sequence on each of the trajectories’ distributions.
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Without this assumption, we will in general only be able to learn an approximation

of the likelihood from state-action pairs observed in the trajectory.

The interventional policy estimated in [equation (7.4)| requires marginalization

over the entire demonstration dataset and thus isn’t very practical. Instead, we

propose to match the expert data with a learned latent variable model py

Poa(®) = [, po(®) TTpulstinlse, ar, O)m (a1, ). (75)
t

Similar to the argument in [theorem 1 under the same assumptions, if we match
the ground-truth demonstration likelihood p(7) with the latent variable model py, ,,
then the interventional policy derived from the latent variable model p,, ,, matches

the ground truth interventional policy miy.

7.4.2 Learning from Demonstrations and Explorations

If each expert demonstration covers the entire state-action space, we have shown

that we can estimate state dynamics and expert policy, and thus the interventional

policy using lequation (7.4)| or the latent variable model in |equation (7.5)]

What if this strong assumption on the expert data does not hold? We can make
the problem easier by allowing our agent to interact with the environment during
training. That allows us to see more samples of the environment dynamics, making
up for the lack of recurrence guarantees. Allowing sampling new training data from
the environment is a common modification to the imitation learning problem, used,

for example, in IRL. The distribution over the trajectories in the new data is given by

pexpl(T) = /@p(@) H 7Texpl<at|5t)p(5t+1’5ta Gy, 9)d9 ) (7-6)
t

where Texpi(als) is the exploration policy we use for collecting the data. The

corresponding latent model is given by

Dy expl(T) = /@pw(é) Hﬂexpl(at|3t)pw(3t+1|3t7at»é)déa (7.7)
t

where we assume that we can evaluate the likelihood of the exploration policy and

approximate the dynamics distribution by the latent-variable model p,,.
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We propose to represent the latent model of lequation (7.7)| as a variational

autoencoder (VAE) [Kingma and Welling, [2014], using an inference model g4(8|7)
that infers the latent variable from a trajectory. Training the VAE involves
maximizing the evidence lower bound (ELBO), a lower bound of the log likelihood,

with respect to ¢ and ¢:
B s (1) 2 Bree B | 020(0) — 00,6
+ zt: 10g Texpr(at]St) + 1og Dy (Si41]5t, ar, 9)1
= vy | 19825(0) ~ o017
+ Z log py (St11]8t, ar, é)} + const = Ly (7.8)
t

where we can ignore the exploration policy likelihood as it does not depend on the

parameters. At optimality, the inference model learns the model posterior given by

q¢(é|7) = pwvexpl(éh) X pw(é) E[Pw(st+1|5ta ar, ),
assuming the model is sufficiently expressive to represent the posterior. Note that
to be able to train the inference model as the encoder in a VAE, we condition it on
the entire trajectories, which makes it incompatible with online use when sampling
trajectories from the environment. We revisit this assumption in the next section.
Crucially, the learned inference model q¢(é |7) does not depend on the likelihood
of the policy selecting the actions. This is because we explore with a policy that—
unlike the expert—does not depend on the latent 6. Therefore, we learn exactly the
interventional latent inference model from , with the learned dynamics.
In the next step, we use the inference model g4(f|7) together with a learned
dynamics model py(si11]t, ar, é) to learn an imitation policy m,(als, é), that ap-

proximates the expert policy meyp(als, ). Again, we use variational inference and

train the model py, from |equation (7.5) with samples from the demonstrations.

Thus, we maximize n in the ELBO

E;plogpy,(T) > ETNpEé~q¢(é|T) {log T (aelSt, é)} + const = Lpc, (7.9)



7. Deconfounding Imitation Learning with Variational Inference 105

Training the inference model Training the imitation policy
m m
& . 00y .
A @ - TP *D*G*U* Zvi / @ e “P(’)*D*a*ﬂ*g BC
s/ _ ) Tops/ _ ' )
4 3,019 p,s'|s,a,0) 9,010  izfals,d)

Figure 7.3: Overview of the method. On the left, the inference model consisting of the
encoder g4 and decoder py, is trained using variational inference. Training data is sampled
from the environment using an exploratory policy. The dotted arrow depicts how the
exploratory policy can optionally be the imitation policy m, trained on the right. On the
right, the imitation policy is trained with behavioral cloning on expert data. The expert
does not need to interact with the environment at training time. Instead, stored expert
trajectories can be used. To learn the deconfounded policy, the encoder trained on the
left is used for inferring the latent variable on the expert trajectories.

which effectively becomes a behavioral cloning loss. Here we omitted terms constant
in the policy parameters 7.

The training based on these two objectives is illustrated in [figure 7.3 By

optimizing the loss in fequation (7.8), we learn a model to infer the latent variable

just based on the dynamics of a trajectory; by optimizing the loss in [equation (7.9)|

we learn a policy conditional on that latent. Combined, we learn to approximate

the interventional policy of |equation (7.3)

7.5 Practical Algorithm

We now present a practical algorithm for training an agent from expert data in
the presence of latent confounders. As outlined in [gection 7.4] we learn to infer the
latent variable by interacting with the environment using an exploratory policy, and
learn to clone the expert on the demonstrations conditioned on the inferred latent.
At test time, the agent alternates between updating its belief about the latent
variable and imitating an expert dictated by its current belief. In fappendix C.3]
we describe an algorithm that does not require the ability to gather more data

interactively, but faces a more difficult learning problem in practice.

Components The agent consists of: 1) an inference model g4, which maps

trajectories 7 = (o, ao, - .., s,) to a belief over a latent variable ¢4(8 | 7); 2) a
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dynamics model p,, mapping latent, state, and action to a distribution over the next
state py(s' | s,a,6); and 3) a latent-conditional policy m,(a | 5,8). An overview

of the training algorithm is presented in [figure 7.3

Training the Model for Online Inference The inference model training closely
follows the outline given in [section 7.4l However, since at test time, the agent needs
to infer the latent online from partial trajectories, we adjust the model and the ELBO
of slightly. At timestep ¢, the encoder g, takes as input the trajectory
observed until timestep ¢, and predicts a distribution of the belief over the latent 0.

We follow Zintgraf et al.| [2020] by defining the prior at timestep ¢ as the inferred
latent distribution from timestep t — 1, starting with a diagonal Gaussian with unit
variance as the initial prior. This process is similar to Bayesian filtering, where beliefs
about the state of a process are updated sequentially in response to new evidence.
As such, each prior evolves based on the latest observed data, similar to the updating
mechanisms in Kalman filters and other Bayesian state estimators [Kalman, 1960,

Krishnan et al., [2015]. The modified ELBO can then be written as
Ly = B pespr [Eé~q¢(éfzt) [logpw(5t+1 | 54, ay, é)]

— BDky (%(é | Tt) H o0 | T;t1)>] : (7.10)

where Dy is the KL divergence and 7; denotes the trajectory until timestep t. Fol-

lowing prior work on VAESs, we use a coefficient 3 for the prior regularization |Higgins

et al., 2017]. Note that while the objective in lequation (7.10)[ remains similar to the

VAE objective in equation (7.8)} it no longer represents an autoencoding objective,

since future states are decoded given the inference conditioned only on the past.

As an exploration policy, we use the latent-conditional policy m, conditioned on
6 inferred by q4. This is a convenient choice because using m, means we do not have
to train multiple policies. Furthermore, using , for exploration biases the training
data distribution for the inference model toward data that the policy encounters

when it is deployed in the environment potentially improving the generalization
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of the inference model. In practice, we condition the policy on the mean of the
inferred distribution instead of a sample from it. We find that using either does
not make a big difference. Other exploration policies may be used as long as they
explore sufficiently diverse trajectories and do not depend on the true latent 6.
As described in the learned inference model is used for inferring the

latents on the expert trajectories 77. The policy 7, is then trained to minimize

We show the pseudocode for the full training algorithm in jappendix C.2|

Test Time At test time, the agent faces an environment with an unknown latent
and needs to adapt to the correct expert behavior. We solve this problem by
alternating between updating a posterior belief over the latent and acting under
the current belief. Concretely, the agent initially samples a latent from the prior
§ ~ N'(0,1) and an action a ~ m,(als,d) to imitate the expert corresponding to
that latent. It observes the state transition and computes the posterior belief with
the inference network. Another latent is sampled from the updated belief, and
so on. In practice, as during exploration, we do not sample from the inferred
distribution but instead condition the policy on the mean. Once the inference has
converged to match the true latent for the environment, the true expert for the

environment will be imitated consistently. We summarize the test-time behavior

in pseudocode in [appendix C.2|

7.6 Experiments

To test our method in practice, we conduct experiments in the multi-armed bandit
problem from |Ortega et al. |[2021] and in multiple control environments. The
implementation of the experiments can be found on github. We aim to answer three
questions: 1) How big is the effect of confounding on naive BC —large enough to
justify the use of specialized methods? 2) Is our algorithm capable of identifying the

interventional policy? 3) How well does the interventional policy imitate the expert?


https://github.com/vuoristo/deconfounding
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Figure 7.4: Imitation learning in a multi-armed bandit problem. The shading shows
the standard error of the mean. The left panel compares the policies when evaluated on
trajectories sampled by the expert policy. The x-axis is the step on the trajectory and
the y-axis is the probability of choosing the best arm. The middle panel is otherwise
the same, except run on trajectories sampled online with the policies themselves. The
right panel shows the learning curves. The x-axis shows training iterations and the y-axis
shows the number of times the best arm is chosen by the policy under training during a
trajectory with 100 time steps. The curves are averages for sliding window of length 10
training iterations.

7.6.1 Investigating Deconfounding in a Multi-Armed Bandit

We begin the empirical study by experimenting with the multi-armed bandit problem

proposed by [Ortega et al| [2021] and described in [section 7.3] The expert policy
is defined in [equation (7.2)] We consider episodes of length 100. As we are only

interested in the effects of confounding on imitation learning, and not in effects
arising from over-fitting a small dataset, we generate new training data from the
expert for each update of the learning algorithms. Each learning algorithm is run

for ten independent seeds and the results are averaged. The hyperparameters for

the algorithms are provided in [appendix C.4]

Naive BC and the Conditional Policy To answer our first question, we
compare a naive BC to the true conditional policy described in [section 7.3} As the
latter policy is non-Markovian, we also allow the BC policy to observe the history.
One way to enable this adaptation is to equip the agent with a memory, which
the agent can learn to use for representing its belief about the latent variable. To

provide such a memory, we implement the imitation learner as a recurrent neural

network (RNN). [figure 7.4| a) shows the probability the different policies assign
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to choosing the best arm when evaluated on data collected by the expert policy.
We see that the naive BC agent learns a policy that matches the true conditional
policy closely. This results in problems for the policy learned with naive BC when
it is deployed in the environment and has to choose the actions itself, as shown
in b). The naive BC closely tracks the action probability of the true
conditional policy, which performs much worse than the expert policy. These results

suggests that it has suffered the full impact of the confounding problem.

Deconfounded Imitation Learning and the Interventional Policy To

answer our second question, we implement the deconfounded imitation learner as

described in [section 7.5 [Figure 7.4/ a) and b) show that the proposed method

closely matches the true interventional policy both on expert trajectories and
online. c) shows the number of times the policies chose the best arm
during an episode. Our deconfounded imitator converges to the true interventional
policy, showing that it learned to optimally imitate the expert in the presence of
latent confounders, and answering our third question. This near-perfect imitation
performance comes at the price of requiring exploration data to train the inference

model as well as an increased number of training iterations needed for convergence.

7.6.2 Demonstrating Deconfounding in Confounded MDPs

Next, we demonstrate that the confounding issue affects MDPs with considerably
more complex dynamics than the bandit and that the answers to the three questions
do not change with the increased complexity. For LunarLander-v2 |[Brockman et al.|
2016], we consider a modified version with unknown key bindings: a latent 6 specifies
a permutation in the map between two of the the agent’s actions and the behaviors
(firing the left and right engines of the space craft). This permutation is known
to the expert, but not the imitator. For HalfCheetahBulletEnv-vO [Coumans
and Bai, [2016-2021], we modify the environment similarly to Swamy et al. [2022b]
by varying the target speed. The expert observes the true target speed while the

imitator only observes a noisy indicator, which shows whether it is running faster
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Figure 7.5: Experiments in our confounded, stochastic environments. We show the
episodic return of each agent over the course of training. The curves for the are averages
sliding window of length 5. The shading shows the standard error of the mean.

or slower than the target speed. For AntGoal-v0 [Todorov et al., 2012], we consider
a version, where the task is to run to a goal randomly sampled from within a circle
around the starting point. The expert observes the true goal coordinates, while
the imitator only observes a noisy indicator of the goal direction and distance.
In all environments, in addition to providing the imitator with less information
about the latent variable than the expert, we make the environment somewhat
stochastic. These changes make the naive imitators try to infer the latent from the
more deterministic expert actions rather than the stochastic dynamics, which results
in the confounding problem. For full details about the environments, and how the
confounding problem may arise in each of them, please see the fappendix C.5|
The expert policies are trained with proximal policy optimization [Schulman
et al. [2017]. In order to avoid finite-sample-size effects, we use an infinite-size
training dataset by generating expert trajectories on the fly. Each learning algorithm

is run for 5 or 6 independent seeds and the results are averaged. Additional details

are provided in [appendix C.5|

Naive BC Like in the bandit example, we first analyze how strongly confounding
affects the naive BC policy. The naive learner is again implemented as an RNN.
In we see that the naive BC agent fails to imitate the expert behavior and
performs much worse than an oracle imitator, which is otherwise exactly the same

setting but it is trained with knowledge of the latents. This failure to generalize
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is again evidence for causal delusions: the agent learned to infer the latent from

the expert behavior rather than the noisy dynamics of the environment.

Deconfounded Imitation Learning To solve the confounding issue in these
environments, we first test the DAgger algorithm |[Ross et al., [2011], which queries
the experts during training. We find that it indeed solves the confounding prob-
lem: the agent quickly approaches the performance of the oracle imitator in all
three environments.

The DAgger performance serves as an unachievable upper bound for our method,
as it not only solves the confounding issue but also reduces the more common
distribution shift issue present in imitation learning. However, recall that the
expert policy may be defined by, e.g., a human expert, who would be expensive
or impossible to query at imitation learning time making DAgger a potentially
difficult method to use in practice.

Can our deconfounded imitator also solve the confounding problem? We test
the deconfounded imitation learning algorithm described in on the

control environments. We find it beneficial to modify the described algorithm

in two ways: 1) extending the reconstruction loss in equation (7.10)| to multi-

step predictions [Hafner et al. [2020]; 2) conditioning the policy on the inferred

latent é{ at the current timestep t instead of the last time step éfq when training

the policy. See lappendix C.5| for details.

In [figure 7.5, we see that the deconfounded learner clearly outperforms the naive
BC baseline, matching the performance of the policy learned by DAgger in two out
of three environments and coming close in the third. While it is hard to interpret
what functions high-dimensional neural networks have learned exactly, matching
the performance of DAgger, which we know can recover the interventional policy, is
encouraging. It suggests that the deconfounded agent learned to infer the latent
from environment transitions and learn a policy that acts like the expert under the
inference. In the Ant environment, it is impossible to infer the direction from the

noisy indicator from a single observation. Therefore, the agent may start moving
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the wrong way in the beginning of the episode. Recovering from such a false start
may be much easier with the help of extra supervision from the expert, giving

DAgger a particularly strong advantage in this environment.

Inverse Reinforcement Learning In theory, IRL is capable of recovering the
expert performance even in confounded environments [Swamy et al., [2022b]. We test
this theory in practice, by comparing to generative adversarial imitation learning
(GAIL) [Ho and Ermon, 2016]. We implemented GAIL closely following a popular
publicly available implementationﬂ and using recurrent PPO by Raffin et al.| [2021]
as the RL algorithm. To stabilize GAIL, we sample four times more data for every
training step compared to the other algorithms.

In LunarLander, GAIL is able to achieve higher returns than naive BC, but
does not recover the performance of the proposed method. In HalfCheetah and
Ant, GAIL does not recover the performance of naive BC. In fappendix C.4] we
provide results for GAIL in the bandit environment from [section 7.6.1 We found
that in the bandit, GAIL does not recover the interventional policy and therefore
does not converge to the expert behavior during an episode. This is because the
reward function defined by GAIL can always be maximized by a deterministic
policy, even in the case when the expert is a stochastic policy, like in the bandit.
From these results, we conclude that while IRL is in theory capable of solving
confounded imitation learning problems, where the expert is a deterministic policy,

getting it to work well can be difficult in practice.

7.7 Limitations

While the proposed method recovers the policy DAgger learns under ideal conditions,
it does not address the original challenge DAgger is designed to solve. That is,
if the expert data does not cover the state-action space sufficiently, the proposed
method may not be enough to learn the optimal policy. Furthermore, while the

proposed method does not require access to the expert, it does require sampling

'https://github.com/HumanCompatibleAl/imitation
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access to the environment similarly to IRL. To find the deconfounded policy fully
offline, an algorithm outlined in the in could be used. For the methods
to work provably, we need to make strong assumptions of recurrence.

Following [Ortega et al. [2021] we model the confounded IL setting with a
CMDP where the latent stays fixed during the entire interaction of the policy
with the environment. This may be a limiting assumption, for example in a
driving scenario, where the environment may have latent factors that govern the
dynamics over a small section of the road but the agent is expected to be able
to traverse many different sections.

Finally, while the environments we experiment in are commonly used to evaluate
RL and IL policies, we acknowledge that these are fairly limited domains and do
not reflect the full complexity of training useful policies for the real world.

The components of our algorithm, variational inference and behavioral cloning,
are commonly used techniques elsewhere in machine learning. Therefore, scaling
the proposed method to real world problems should be possible. However, we
did not optimize for sample complexity of either learning algorithm, which would
limit the application of our method to real world problems. Developing a more
sample efficient version of the algorithm and testing it in real world domains is

an exciting avenue of future work.

7.8 Conclusion

Naive imitation learning algorithms can fail in the presence of latent confounders—
for instance when the expert has access to more information than the imitator.
This work presents a breakdown of this confounding problem. First, we studied
under which conditions latent confounding impacts the performance of BC. We
demonstrated that this issue is more relevant when there is substantial stochasticity
in environment transitions or the expert policy is nearly deterministic. We then
analyzed in which settings the interventional policy, which solves the confounding

issue, is identifiable without query access to the expert.
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Informed by the theoretical results, we proposed a practical algorithm for
deconfounding imitation learning with variational inference that provably converges
to the interventional policy. While this problem has been previously studied in
theory with inverse RL, we propose a novel variational inference solution, which we
analyze theoretically and evaluate in practice. Finally, we evaluated the proposed
method with experiments in a multi-armed bandit and confounded MDPs. We
found it was able to learn interventional policies in all of the settings, alleviating
the confounding problem that limits naive imitation learning.

In the next chapter, we tackle the more difficult imitation gap setting where

safe exploration is not possible by sampling expert policies.
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8.1 Introduction

In the previous chapter, we considered an imitation gap problem, where naively
imitating an expert does not result in a catastrophic failure and proposed a method

for learning imitators in that setting. However, in practice, this may often be a

114
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too strong assumption to make. For example, consider training a robotic agent
for navigating an environment with steep ledges from which the robot may fall
off. The expert knows the location of the ledges and steers well clear of them.
Navigating the environment without precise knowledge of the locations of the
ledges may require behavior that differs considerably from the expert behavior.
This safe behavior could include moving more slowly and turning around when
a ledge is detected. This exploratory behavior is never demonstrated, leading
to an imitation gap, and hence naively imitating expert demonstrations leads to
suboptimal behavior that is potentially catastrophic.

At first glance, this problem seems intractable, since we cannot imitate behavior
that is not demonstrated. Indeed, many prior solutions to the imitation gap often
require privileged access to online reward information [Nguyen et al 2022, [Weihs
et al., 2021]. The key insight in this chapter is that the remaining uncertainty may
be characterized in the form of a prior, specified over the cost of exploration in
unobserved states. By cost of exploration, we mean the relative cost of how desirable
it is for the agent to visit a state an expert would never visit compared to sticking
exclusively to the states the expert explores. This leads us to propose a fully Bayesian
solution to the Imitation Gap (BIG) which learns to behave Bayes-optimally at
test-time, although its value will naturally be a function of the agent’s uncertainty.

We demonstrate how the prior can integrate several sources of information
available before test time: we specify an initial reward prior, from which we may
infer a posterior given a set of expert demonstrations and simulator, using Bayesian
IRL |[Ramachandran and Amir, 2007, BIRL] with successor features [Barreto et al.,
2017, Brown and Niekum, 2019, [Filos et al., 2021]. We also specify a reward prior
over key exploration states to specify uncertainty about the cost of exploration where
there is an imitation gap. This allows BIG to optimally trade off any remaining
uncertainty about the true environment state using a Bayes-optimal policy, with
the predictive reward under these priors as the fixed belief over rewards at test
time. When there is an imitation gap, the reward prior can influence the agent’s

behavior instead, yielding policies that balance exploration to reduce the uncertainty



8. A Bayesian Solution To The Imitation Gap 116

in the environment with exploitation of expert demonstrations. When there is no
imitation gap, the agent can directly imitate expert behavior.

We evaluate BIG across a number of imitation gap problems, and show that
it can scale to environments with pixel-based observations. In each case, we can
recover suitable reward functions from only expert demonstrations and the cost of

exploration prior. Our contributions can be summarized as follows

o We propose an algorithm BIG to the imitation gap problem, which learns to

behave Bayes-optimally at test time.

o We demonstrate that the Bayesian prior can integrate the additional informa-

tion required for IL in the imitation gap setting from multiple sources.

o We evaluate the BIG in multiple imitation gap problems demonstrating that

it learns the Bayes-optimal policy.

8.2 Problem Setting

We consider the imitation gap problem setting introduced in [section 2.3.2] where
the environment is modeled as a CMDP with a context variable § € ©. We
are interested in policies that optimize the contextual expected, discounted re-
turn By o) [2520 77 (54, ar)] where pZ (f) is the distribution over infinite-horizon
trajectories associated with policy 7w and context 6.

At test time, we are interested in behaving optimally in a CMDP M ()
allocated according to the prior €5y ~ p(0). Like other successor feature-based
approaches [Barreto et al., 2017, Brown and Niekum, [2019, |Filos et al., 2021, |Janz

et al., [2019] we make the following assumption about the reward parameterization:

Assumption 2. The underlying reward function is bounded and can be represented
as a linear function with respect to a reward feature vector v(s,a) that is known
a priori such that (s, a;w*) = v(s,a) w* € [Fimin, "maz|- Furthermore, the reward

function is shared across all CMDPs, i.e., independent of 6.
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This assumption simplifies our analysis and enables the derivation of convex
optimization procedures. We do not assume oracle access to perfect reward features.
Instead, the features could be the result of an unsupervised learning step external to
our algorithm. Crucially, the agent can observe states and choose actions according
to a policy but does not observe rewards nor .5 and does not know the true reward
parameterization w*. Instead, the agent is given a dataset of Ngyper demonstrations
Dgxpert = {Ti}f-v:Efpe” of state-action trajectories 7; :== {sq, ag, s1, a1, . . . } of length H;
in CMDPs sampled from p(6), where each expert 7, ., (+, ;) behaves optimally in
its assigned CMDP, e.g., expert trajectories of the robot navigating different mazes
where the ledge locations differ. Furthermore, the agent has access to a simulator,
where CMDPs are allocated according to the prior p(6), and the agent can interact
with the corresponding environment, observing a trajectory of state-action pairs. We
denote the complete dataset of simulated trajectories as Dsimulator ‘= {Ti}fv:s{mulat“.
The agent never directly observes rewards nor ¢; in either Dgypers 0 Dsimulator-

At test time, the agent is assigned a CMDP according to .5 ~ p(6) and interacts
with M (st ), Obtaining a history of state-actions: hy = {sg, ag, - - a;_1, $;} at time
t and takes actions according to a history-conditioned policy: a; ~ m(h;). The

agent never observes the reward history.

8.2.1 The Tiger-Treasure Problem

We introduce a variant of the classic “Tiger-Treasure problem” from Kaelbling
et al.|[1998] to illustrate how naively applying imitation learning fails when there
is an imitation gap. Consider the CMDP in indexed by 6 € {1,2},
representing which door the tiger is behind. The prior is p( = 1) = p(f = 2) = 0.5.
In both CMDPs, the agent starts in state Sy and the set of actions available is
A = {01, 09, listen}, where oy and 0, open the corresponding door and ‘listen’ listens
for a tiger. In any state s € {Sp, 11,75}, the agent transitions deterministically
to state Tiger if @ = 0; and € = 1 or a = 0y and § = 2, and conversely for the
Gold state. The goal of the agent is to reach the treasure (labeled ‘Gold’) whilst

avoiding the Tiger. The agent receives a reward r(Gold,-) = 10 for finding the
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a € {01, 09, listen}

Figure 8.1: A diagram of the Tiger-Treasure problem MDP, a classic example of an
imitation gap. The agent initially does not know which door the treasure or tiger is
behind and must take listening actions to resolve its uncertainty.

gold and r(Tiger, -) = —100 for finding the tiger. After this, the agent transitions
to terminal state Sp regardless of action taken.

The agent can also listen before any doors are opened, receiving a stochastic
signal with success rate p > 0.5 correlated with the identity of the door with
the tiger. Hearing the tiger in room i transitions the agent to state 7;. For
s € {So,T1,T>} and a = listen, the agent transitions to state 77 with probability p
if 8 =1 and Ty with p if 8 = 2, otherwise it transitions to state T, with probability
1—piff =1andT; with 1 —pif 6 = 2. States 77 and T, are not present in
Kaelbling et al.| [1998]’s original problem, but are included here because reward
is assumed independent of # and hence partial observability about the MDP is
encoded in the state. Entering a listening state incurs a small negative reward
r(Ty,-) = r(Ty,-) = —1. All other rewards not specified are 0.

For ease of exposition, assume the listening success p = 1. The expert has
privileged knowledge about the MDP, and always deterministically chooses to open
the door with the gold behind it. This eliminates the need for the expert to explore

resulting in expert trajectories where the listening states are never visited. At test
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time, there is an imitation gap, as the agent does not know a priori which door the
tiger is behind. A nailve imitator does not realize that the expert is conditioning
on extra information and so thinks the expert is randomly choosing which door
to open; imitating that gives suboptimal return of —45y. By contrast, an agent
that chooses to listen always receives a return of 10y — 1 if it acts optimally on
the revealed location of the tiger. This example demonstrates the failure of naive

imitation learning in simple settings when there is an imitation gap.

8.3 Towards a Bayesian Solution

In this section, we propose a Bayesian solution to the Imitation Gap (BIG), where
the goal is to learn a policy that can optimally trade-off its uncertainty at test
time with imitating the expert demonstrator. Unlike in the canonical Bayesian
RL setting, our formulation does not have access to reward samples from which
to infer the underlying reward function. Instead, the reward prior determines the
cost of exploration (COE) for the agent at test time, meaning that the agent can
still behave optimally under partial observability. We provide an overall schematic
of our approach in [figure 8.2]

BIG has three main phases which are labeled in[figure 8.2 In the first, we provide
an initial prior over the reward parameterization p(w). We integrate information

from the expert data Dgy, into the prior using a novel contertual Bayesian IRL

(BIRL) approach (sections 8.3.1 and 8.3.2)) that infers the posterior p(w|Dpyp)-

Because entire classes of reward functions can explain expert data equally well, IRL
is an underspecified problem and approaches can equally penalize any unvisited state.

In the second phase (section 8.3.3|), we restrict the class of reward functions to

those that allow for exploration at test time, by first normalizing the posterior so
that the predictive reward lies in the range [rumin, "max] according to
Representing reward as 7 = k X Tpax, We specify a cost of exploration prior p(k) over
rewards at key state-action pairs unseen in the expert demonstrations to integrate
the cost of exploration information at test time. This approach ensures that all

rewards still belong to the same class |Rafailov et al.l 2023 Definition 1] after the
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Contextual
1) BIRL

Cost of
Exploration

Figure 8.2: Schematic of the Bayesian solution to the Imitation Gap (BIG). Prior
information is shown in green, algorithms in , prior distributions in , and
outputs in teal.

IRL stage, i.e., yielding an equivalent optimal policy. This step is required as the
expert demonstrations do not have full coverage. p(k) encodes the relative cost of
deviating from an optimal policy which encourages exploration for the downstream

policy, complementing the IRL data. Integrating both the IRL and COE priors, we

IRL+COE

Bayes (7|5, a). We present pseudocode

denote the Bayesian reward distribution as p

for an algorithm implementing the first and second phase in jappendix D.4]|

In the third phase, we solve a Bayesian RL problem in which the goal is to
learn a Bayes-optimal policy ayes that can be deployed at test time. As shown in
, the inputs to the Bayes-adaptive MDP (BAMDP) are the Bayesian reward
distribution pg%aIijSCOE(HS, a) and a prior over context variables p(f) (section 8.3.4).
The agent extracts reward information from the expert trajectories to learn a
predictive reward but does not directly imitate the expert’s behavior and thus

can adapt to the unknown MDP at test time, avoiding the problems with naive

imitation learning discussed in [section 8.2.1] Due to the diverse nature of the
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sources of input information, inferring the reward posterior requires the agent

to learn and maintain several distributions over random variables, we summarize

them in [table D.1] in Jappendix D.I}

8.3.1 Contextual Successor Features

Before performing BIRL, we must learn a contextual value function representation to
define the likelihood over expert trajectories. For an agent following policy 7, we can
characterize the expected discounted return as a function of state-action pairs via the
contextual @Q-function Q™ (s, a, ,w), which satisfies the contextual Bellman equation:
BT[Q™|(s,a,0,w) = Q™(s,a,0,w) where BT [Q™](s, a,d,w) is the contextual Bellman
operator: BT[Q](s,a,0,w) = v(s,a) w + VEg p(s|s.at)a~n(@ls) [QT(s, d,0,w)].
specifies a linear reward function, which allows us to use a successor
feature representation of the ()-function that factors the reward parameterization
out of Q™(s',a’,0,w) = ¥™(s',a’,0)"w where U™ (s,a,0) is the contextual successor

Sop = S,09 = CL] . Nb,

feature, defined as: V7 (s,a,0) = E;yr(r|0) [Zt"io Vv (s, aq)
the reward is linear w.r.t. the features v(s,a), which could themselves be learned
and arbitrarily complex. Learning U™ (s, a, ) means that we do not need to solve

a Bellman equation every time w changes; we can simply take a dot product

between the existing successor feature and the new w. [Appendix D.2| details

the training process.

8.3.2 Contextual Bayesian IRL

We now describe the first phase of our pipeline in [figure 8.2 Inferring the reward
function is a Bayesian regression problem. As is typical for regression problems
[Murphy}, 2013], we specify a Gaussian reward model p(r|s, a,w) = N (v(s,a) "w, [o?)
with mean v(s, a) and scalar variance parameter o € R. We specify a Gaussian prior
over the unknown reward parameterization N (w|wp, [63) where wy is the prior mean
and prior variance 02 > 0 represents the belief in wy. Tuning o2 thus allows us to set
how much the expert’s trajectories affect the prior reward specification after BIRL.

We now exploit expert data to refine our prior by leveraging approaches from BIRL.
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To derive the likelihood, it is necessary to define a model of the expert obser-
vations. In the classic Bayesian IRL approach |[Ramachandran and Amir} 2007],
a likelihood is specified for a single MDP: p(7;|w). To adapt our approach to
experts that act in multiple MDPs, our likelihood should account for the context
p(7ilbi,w) = erjolp(sj, a;|0;,w). We assume that the agent’s policy is represented
by a potential function defined by the optimal @-function for the agent’s MDP:

N
Z(87 w, 02)

where z(s,w, 6) is the normalization constant. This can be viewed as a Boltzmann

p(als, 0;,w) = exp (;\I/(s,a,ei)Tw) : (8.1)

distribution (or a softmax-like function) over the actions. Here « is a temperature
parameter that controls how optimal the expert’s actions are with respect to
Q*(s,a,0;,w) = ¥*(s,a,0;)"w. Asis convention [Arora and Doshi, 2021, Ramachan-
dran and Amir} 2007], this assumption stabilizes inference algorithms by softening
the Dirac delta policy that the agent is following, allowing for gradients to flow into
the density. A deterministic optimal policy is recovered in the limit o — 0.
Given the likelihood and prior, we infer the expert reward posterior p(w|Dgxpert)-

Marginalizing, we obtain the Bayesian reward distribution:

pg;es(ﬂsa CL) = EWNP(W\DExpen) [p(’r’|s, a, w)] ) (82>

which incorporates both the epistemic uncertainty from the posterior and the

aleatoric uncertainty from the reward model. Analogously to Bayesian logistic

regression [Murphy|, 2013], using the potential function from |equation (8.1) does

not yield a closed-form solution for the posterior. Instead, we use the Laplace

approximation for the posterior, which yields a stochastic gradient descent update:

Theorem 2. Define 2 = %2) Using the Laplace approzimation, the approximate pos-
terior is p(wW|Dgapert) = N(WIW] 4piacer S Laplace) Where ¥ paplace = V2 log P(WEaptace| D Eapert)
and Wiypiace 8 the MAP estimate, which can be found by carrying out the following

stochastic gradient descent updates on the log-posterior:

W 4w + Ny (NEmpertHi (qj*(sja aj, 91) - Ea¢~p(ai|sj,w,0i) [\Ij*(sjv Qg 91)] > - 3
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Proof. Sce Eppendix D s

The Bernstein von-Mises theorem formally justifies the approximation [Doob
1949, lvan der Vaart, |1998], proving that under mild regularity assumptions, the
posterior tends to the Laplace approximation in the limit of increasing data. 3
controls how the prior influences learning; as ¢2 — 0, expert data is ignored and
Wiaplace = Wo- The posteriors over each expert’s contextual variable p(6;|7;) typically

have no closed-form analytic solution. We can approximate each p(6;|7;) using

variational inference instead, as detailed in [appendix D.5|

Role of Temperature. As IRL is underspecified, many reward functions can
explain the expert data. A key insight from is the role of the temperature
parameter « in determining the relative difference between the lowest and highest
rewards assigned. The example in illustrates that when o — 0, the
expert policy model becomes more deterministic, always choosing the action with
the highest return. Arbitrarily small differences between rewards explain expert
behavior, so IRL pulls the parameterization difference to be as small as possible.
Conversely, when a — oo, the expert policy becomes more stochastic, taking low-
return actions more frequently in proportion to their value. An increasingly large

separation in rewards is needed to explain expert behavior.

8.3.3 Cost of Exploration Prior

For the second phase, we specify a prior over the reward to incorporate information
on the cost of exploration into the posterior reward returned by the contextual
BIRL to refine the solution. Note that the imitation gap problem would not
be solvable without access to prior information defining the cost of exploration,
as the expert data does not demonstrate which states are safe to explore and
how to balance exploration and exploitation. This prior is only introduced for
exploration and does not need to contain any information about the exploitation,
as that is learned from the expert demonstrations. Furthermore, the prior could
be arbitrarily uninformative, in the third phase, our method learns the Bayes-

optimal policy for any prior.
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As shown in [figure 8.2 we start by rescaling the posterior reward to be within

the bounds [rmin, "max] according to [Assumption 2| We denote the corresponding

scaled reward parameterization as W, - Given the infinite horizon, any linear
transformation applied to the reward function results in the same optimal policy.

We assume that we know a subset of state-action pairs denoted as C = {(s,a)|s €
Scog, @ € Acog(s)} where exploration can be performed. We illustrate this for
the Tiger-Treasure problem from as rewards only depend on the state
in this problem, the set is Scog = {11, T>}. We introduce a simple COE inside
the rescaled IRL reward parameterized by wf, .. by specifying a reward function
p(rls, a, k) = N (r|krmax, o) over (s,a) € C for some k € [ 1); this ensures the
mean is contained in [rmin, "max). A scale k that varies across action-state pairs
may also be specified if a more complex cost of exploration information needs to
be modeled. In the simple Tiger-Treasure problem, we know from construction
the set of states where exploration can be performed. In a practical setting with
large state space, these states could be obtained by considering non-expert, but
safe behaviors from other policies acting in the same environment. This could
require density estimation for continuous state spaces. We leave development of
task specific cost of exploration priors for future work and focus on demonstrating
the general principles in this work.

The value of k£ determines how risk-averse the agent is at test time. For k ~ 1
the agent values exploratory state-actions in C nearly as much as the most rewarding
state-actions learned from IRL. As such, the cost of exploration is low, and the agent
explores until it is highly certain about avoiding low reward actions in the imitation
gap, encouraging conservative behavior. Conversely, as k — sminthe agent becomes
less risk-averse and recovers a purely behavioral cloning regime, taking actions that
could lead to low reward as they have similar value to exploratory actions.

To incorporate epistemic uncertainty in k, we specify a prior p(k) with support

over [I=x 1) Marginalizing, we obtain the Bayesian reward distribution over C:

Phayes (115, @) = Eipiy [P(r]s, a, k)] (8.4)
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For all other state-action pairs, the Bayesian reward distribution remains unchanged,

yielding the distribution over C:

IRL + COE B pggygs(ﬂs, a) s,acC, o
pBayes (T|87 (l) - IRL ) ( ) )
PBayes (7"|S, CL) otherwise.

8.3.4 Bayes-Optimal Policy Learning

For the third phase, we perform Bayesian reinforcement learning, which optimally
trades off exploration and exploitation by conditioning actions on the agent’s

uncertainty over §. We can define a Bayes-adaptive MDP [Duff, 2002, BAMDP]

using the contextual MDP in [equation (2.2)| as a model. At test time, the agent

is assigned an MDP 0iesy ~ p(fiest) and can observe samples from p(s'|s, a, Giest)
by interacting with the MDP via its policy. A history of interactions is denoted
hi = {so, ao, $1,a1, ...} € H; where H, is the corresponding state-action product
space. After observing a history h; from the assigned MDP, the agent updates

its belief in 6 according to the posterior:

H§:1 p(3t|3t—17 Q¢—1, etest)p(etest)

p<9test|ht> - . (86)
Eatest’\‘p(etest) [H;‘f:l p(st |St—17 a1, 9test)j|
Using the posterior, we can define the Bayesian transition distribution as:
p(3t+1|hta at) = /@p(st+1|3t7 G, Htest)p(etest|ht)d‘9test- (8‘7)

As there is no reward signal available to the agent and rewards do not depend on 6,

the Bayesian reward distribution in the BAMDP is exactly the combined Bayesian

reward distribution from jequation (8.5)t p(re|he, ar) = phever CO"(re|se, ar). We

denote the joint reward-state Bayesian transition distribution as p(r, S¢y1]8¢, ay) =
p(r¢|he, ar)p(Siv1|he, ar), which is equivalent to the predictive trajectory transition dis-

tribution: p(m41|m, ar) = p(m, ap, 7, Seva |7, an) = p(1e, Sevr|hus ar) p(T, a7, ap) =
N—— —

-1
p(re, Sev1|he, ar). Here p(7i41|7, ay) is used to reason over unobserved counterfactual

trajectories, and so must account for predictive reward. We define the corresponding
BAMDP similarly to|Fellows et al.|[2023a] as Mpanpp = (T, A, p(Te11|7e, at), p(So), ¥)

where T is the space of all possible trajectories.
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In Bayesian RL, policies Tpayes(a¢|hy) map from histories to distributions over

actions, and our goal is to learn a Bayes-optimal policy mg, . (a¢|h:) that solves

Mgpamvpp. Due to the linearity of our formulation, we show in [appendix D.4.T]

that solving the BAMDP is equivalent to optimizing the following Bayesian RL

objective for mBaves:
‘]]gayes = Ep(etest) lEp(hwetest) [Z Virllazgej COE(Si7 a1>‘|‘| ) (88>
i=0
where p(hooyetest) = pO(SO) Hfio p($i+l|$i>aiaetest)ﬂ(ai|hi)a and T]I_D,lzge: COE(S7a) is
the predictive reward:
maxBk~pk) [k] S,a €C,
R+ CO( ) o { Teieaty ] 5,0 € C (89)
V' (8,0)Wh,y Otherwise.

In the following empirical evaluation, we approximate Bayes-optimal policies by
training a policy conditioned on the true inference model using DQN |[Mnih et al.|

2013).

8.4 Empirical Evaluation

To evaluate BIG, we conduct experiments across a series of imitation gap problems.
In all the tested environments, the agent has to solve a task that requires exploration.
First, we demonstrate that in the Tiger-Treasure environment, naive IRL learns
a reward function that does not lead to the desired exploratory policy, whereas
BIG does by exploiting prior information about the cost of exploration. Second,
we illustrate that, by marginalizing over the context distribution, naive IRL can
learn a reward function that does not capture the expert’s intent. Finally, we
present results in a gridworld environment to show that BIG can handle imitation
learning tasks with larger state-action spaces. Since we assume no access to true
environment reward or expert state information, most previous solutions to the
imitation gap are not applicable. Instead, we compare to maximum entropy IRL
(labeled ‘No-Prior’ in our experiments). For convenience, we implement
using the true posterior p(f|7) as the inference model. In all experiments, we use
deep neural networks for . We assume normally distributed errors and report

standard error across seeds in the figures.
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Figure 8.3: Evaluation of BIG in the Tiger-Treasure environment. Success rate and
time exploring (in steps) for policies learned with a uniform prior reward with different
means are represented in yellow (k* < 1) and in green (k* = 1), while the case with no
prior is shown in red. Error bars indicate the standard error of the mean across 10 seeds.
The symbol +oo indicates that, for some trials, the agent explores throughout the entire
(infinite) episode.

8.4.1 Investigating Reward Priors

In the Tiger-Treasure environment introduced in [gection 8.2.1], since the expert
always goes to the treasure room directly, we cannot extract information about
optimal exploration from the expert data. As discussed in [section 8.3.3] we use the
prior p(k) to enable exploratory behavior at test time. We explore the influence of
this reward prior on the environment from [figure 8.1} using a space of uniform priors
p(k) = Unif ([a,b]) over intervals [a,b] € U;ﬁ, 1). We choose 7yin = —100 and
rmax = 10. While these bounds are arbitrary, they reflect the undesirability of failing
in the task demonstrated by the expert. The reward feature v is a one-hot indicator
over the states. presents the agent’s success rate in reaching the treasure,
along with the average time exploring, which corresponds to the number of listening
actions, for different values of the prior mean k*. As expected from [section 8.3.3]
when k* approaches 1, the agent explores more, never exploiting when £* = 1. The
probability of reaching the treasure increases with the number of listening actions.
Therefore, as k* approaches 1 (without reaching it), the treasure rate also increases.
By contrast, when k* decreases the agent begins to listen less often. These behaviors

correspond to the Bayes-optimal policies for each of the priors, demonstrating that

our method learns the Bayes-optimal policy irrespective of the prior supplied.
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Figure 8.4: A demonstration of the necessity for latent inference with BIG. On the left,
we show the CMDP used in the experiments, with two possibilities for the context 6. On
the right, we show the ground truth returns of a DQN agent for trajectories of 100 steps
in the CMDP during training. The shading shows the standard error of the mean for 8
seeds.

8.4.2 Investigating Latent Inference

Next, we look at whether inferring the latent # during IRL matters for learning the
desired reward function. We experiment in a simple CMDP environment depicted
in [figure 8.4 For a mathematical example, see In this environment,
the expert policy goes to the state s3, which provides a reward of +2 and then loops
back to state sg through s4 or s;. It prefers to take the route through s, when it
is available, to avoid the negative reward of —1 in s,. When 6 is distributed such
that p(6 = 0) > p(f = 1), it can lead to naive IRL misidentifying the expert intent.
To see why, consider that to fit the expert behavior without information about 6,
the reward function has to make the path through sy more likely in both MDPs.
Conditioning the successor features on the inferred 6 resolves this issue, because
then identifying the reward reduces to standard IRL in two separate MDPs. To
verify this in practice, we show results of learning the reward functions with and
without latent inference in [figure 8.4, We choose the latent to be distributed as
p(6 = 0) = 0.9. No reward prior is used. The policy trained on the rewards learned
with latent inference matches the policy trained with the ground truth rewards.
The rewards learned without latent inference do not result in as good a policy,

demonstrating that latent inference is necessary to learn the correct rewards in a

general CMDP. See [appendix D.6.2| for an analysis of the learned rewards.
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8.4.3 Reward Priors in a Larger CMDP

Finally, we test BIG in a grid-world environment with pixel-based observations.
The agent observes a top-down view of the environment similar to the illustration of
the learned rewards presented in [figure 8.5l The agent can move in four directions
and take listening actions. Taking the listening action in any grid cell results in a
stochastic transition to a state, which indicates the location of the gold, but otherwise
has the same dynamics as the cell that the action was taken in. When the agent
enters a door, it is moved to Tiger or Gold depending on #. From those states, the
agent is moved to the grid cell marked with x in the next timestep, setting the agent

up for another round in the maze. The expert takes the shortest path from any state

to Gold, choosing the correct door, depending on . See [appendix D.6.4| for details.

Three DQN training curves are shown in corresponding to a manually
constructed ground truth reward, which explains the expert behavior, reward learned
by the contextual IRL without using a reward prior, and the same reward refined
using the prior. These learning curves show that BIG with a particular reward
prior produces a similar BAMDP policy as the manually constructed reward. At
the same time, using just the IRL reward results in a policy that initially chooses
a door at random. We compare multiple values for £* and find that as in the
simple Tiger-Treasure environment, different values result in over-exploration or
under-exploration leaving a range in the middle that results in similar exploration
as the handcrafted reward. This experiment shows that BIG can recover a reward
function, which enables the agent to complete the task demonstrated by the expert

despite a challenging imitation gap.

8.5 Related Work

We provide a broader survey of related work in IL and imitation gap in

Here, we focus on related work that is specific to the work presented in this chapter.
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Figure 8.5: BIG successfully learns the optimal behavior in a challenging gridworld
environment. On the left, we show the rewards learned by the contextual IRL. In the
middle, we show the return (using the manually constructed reward) of policies trained
with reward inferred with and without a reward prior and the manually constructed
reward (ground truth). The shading shows the standard error of the mean for 8 random
seeds. On the right, we show the final returns of policies trained using different values of
k* compared to not using the reward prior and using the ground truth reward.
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Bayesian RL Our work shares similar components to other Bayesian approaches

to RL. For instance, VariBAD and related methods [Zintgraf et al., 2020} 2021]

consider a model-based approach for learning approximations to Bayes-optimal

policies by exploiting meta-reinforcement learning [Beck et al 2023] to perform

inference over a subset of the unobserved context. Similarly, BEN [Fellows et al.|

2023b| is a model-free approach that learns Bayes-optimal policies by specifying a
model and prior over the optimal Bellman operator. All of these methods assume
access to the reward and do not consider the issue of imitating an expert. Bayesian

Inverse RL approaches infer a posterior over the unknown reward distribution given

trajectories of demonstrations [Ramachandran and Amir, 2007] (see Adams et al.|

12022], Table 1 for a complete list of existing approaches). BIG generalizes these
approaches in [section 8.3.2| to account for the unobserved context variable before

integrating the learned reward posterior into a BAMDP.

Successor Features Successor features [Barreto et al., 2017, Brown and Niekum,

2019] provide an elegant representation of value functions under the assumptions

of a linear reward function. |Janz et al| [2019] incorporate successor features

into the Bayesian framework. Most similar to BIG, successor features have

been used successfully in Psi-Phi Learning [Filos et al) 2021] for multi-task
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inverse reinforcement learning. Psi-Phi Learning can also retrieve the reward

parameterizations for a new agent (expert) but does so with full observability.

8.6 Limitations

To make the empirical setup close to the theory, we use ground truth inference models
and linearity assumptions, which means that scaling up the algorithm requires
revisiting those choices. For example, by learning an approximate inference model.
In the CMDPs considered in this chapter, we assumed the set of allowed exploration
states was explicitly known a priori, which may be a limiting assumption in harder
problems. As is typical in Bayesian methods, we leave the design of problem-specific

priors to the practitioners focused on those problems.

8.7 Conclusion

In this chapter, we proposed a fully Bayesian solution to the imitation gap which
integrated various priors over the reward parameterization, cost of exploration, and
hidden state. This allowed us to derive a BAMDP formulation of the problem
whose solution optimally trades off exploration and exploitation at test time. We
demonstrated the importance of each component of our algorithm across a series
of experiments with an imitation gap before showing that BIG scales to larger
maze problems, including those with high-dimensional pixel-based observations.
Crucially, in contrast to previous work, no online reward information was required.
This makes our work particularly exciting for challenging imitation problems where
no reward is easily specifiable, and extending BIG to even more complex settings
is a promising direction for future work. In the next chapter, we propose one
such more complex imitation gap setting in the form of a benchmark based on

data from autonomous driving.
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Conclusion

In this thesis, we have explored significant advancements in the fields of meta-
RL and IL, two domains at the forefront of developing more interactive artificial
intelligence. Through a series of original contributions, we addressed challenges
in learning agents for dynamic scenarios rather than static generation problems,
paving the way toward more adaptive and intelligent agents.

The first part of this thesis focused on meta-RL, specifically on improving the
sample efficiency of RL algorithms. We demonstrated how meta-gradients could
be effectively used to adapt credit assignment strategies, facilitating improved
learning efficiency in complex environments with delayed rewards. Additionally, we
presented a comprehensive survey of meta-RL methods and provided theoretical
and empirical insights into the challenges of estimating meta-gradients, particularly
the tradeoff between bias and variance.

The second part of the thesis tackled the imitation gap problem within IL, where
a disparity exists between the observations of the expert and the imitator. We
proposed new algorithms for learning in settings where the expert has access to
information that the imitator does not, modeling this discrepancy as confounding
latent variables or leveraging Bayesian priors to guide policy learning. These
methods were shown to outperform existing approaches in imitation gap scenarios,

effectively mitigating issues caused by the missing information.

1533
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The work presented in this thesis has not only advanced the state-of-the-art in
meta-RL and IL but has also opened several promising directions for future research.

Below, we outline some potential areas that could benefit from further exploration:

Improving Meta-Gradient Estimators While meta-gradient methods have
shown promise in dynamically adapting learning strategies, challenges remain in
accurately estimating these gradients, especially in high-dimensional environments
and over longer horizons. Developing more efficient meta-gradient estimators that
strike a better balance between computational feasibility and gradient accuracy

is a key future goal.

Adaptive Learning in Real-World Applications While this thesis focused on
simulated environments, the extension of meta-RL algorithms to real-world settings,
such as robotic control and autonomous driving, poses exciting challenges. Real-
world scenarios involve high-dimensional observations, complex reward structures,
and safety constraints that meta-RL algorithms must handle. Investigating how
these methods can be effectively deployed, will be critical for bridging the gap

between simulation and real-world application.

Developing More Scalable Algorithms for the Imitation Gap The con-
tributions in thesis demonstrate the feasibility of dealing with causal confounders
and the lack of exploration information through variational inference and Bayesian
IRL. However, the empirical results presented in this thesis are limited to relatively
small problems. Future research could explore scaling up the approaches presented
in this thesis, possibly by substituting the theoretically principled but expensive to

run algorithms with more scalable alternatives employing futher abstractions.

Unifying Advances in meta-RL and IL This thesis presented contributions
in the two closely related but disjoint fields of meta-RL and IL. Previous work in
meta-IL exists, but has not been adapted to the imitation gap setting. While the

motivations for meta-IL and IL algorithms for the imitation gap differ, both problems
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require learning imitators for distributions of tasks. More research exists on meta-IL
than the imitation gap. Therefore, a highly promising avenue of future work is to take

approaches from the meta-IL literature and adapt them to the imitation gap setting.

In summary, this thesis has presented novel contributions to both meta-reinforcement
learning and imitation learning, offering new algorithms, empirical analyses, and
theoretical insights. The work lays a foundation for more interactive and adaptive
AT systems that learn effectively from their environment and from experts. By
addressing the challenges of sample efficiency in RL and the imitation gap in IL,
this thesis contributes to the broader vision of creating intelligent agents capable
of robust decision-making and learning in complex, real-world scenarios. The
future directions outlined above highlight the exciting potential for continued

research in this evolving field.
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A.1 Metagradient Algorithm

In this section we give further details on the metagradient algorithm used to learn the

pairwise weights for both Meta-PWTD and Meta-PWR as well as the metagradient

137
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Algorithm 2 A generic metagradient algorithm.

Require: Initial parameters ny and ¢q.

Sample a batch of trajectories 7y with ng;

repeat
Set N1 = N + &IV S (1, T b1
Sample a batch of trajectories 741 with 74
Set Ppi1 = Ok + APV (N1, Ths1)
k+—k+1

until done

baselines. We use the algorithm from Xu et al|[201§]. A generic metagradient
algorithm is presented in Algorithm [2] where we have extended the syntax from the
chapter to include the trajectories and meta-parameters in the inputs of the objective
functions to make the dependencies more explicit. For clarity, the algorithm omits
the value function update steps, which differ between the specific algorithms as
explained in the chapter but do not change the computation of metagradients. In
our practical implementation we do not use the explicit gradient expressions given
here. Instead we define a computational graph that includes the inner update and

the outer update and compute metagradients via automatic differentiation.

The algorithm updates both the policy parameters n and the meta-parameters
¢ iteratively. In the k-th iteration, it updates the policy parameters 7, using
the gradient of the inner objective J™ (n, 74; ¢1), which is parametrized by the
meta-parameters ¢,. The updated parameters are used for sampling another
batch of trajectories 74,1. The meta-objective JO" (941, 7x11) is computed as the
standard policy gradient loss on the new trajectory. The updated parameters are a
differentiable function of the meta-parameters, which enables the computation of

metagradients as given in Equation 15. The gradient of the updated parameters
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with respect to the meta-parameters can be written as follows

Voiksr =V (1 + "V, ™ (0, 7 ) )
~a"V NV I (0, s )
=" (Vg Vo Jo (e, i) + BV sV, M ()

="V Ny I (M, k)

The second equation is a greedy approximation of the metagradients by dropping
the dependency of the parameter 7 on the previous updates (cf. [Xu et al., [2018]).
The fourth equation is because the entropy regularization term does not depend
on the meta-parameters ¢. The approximated metagradients can be estimated

from sampled trajectories as

T-1

Ve =a > | > VAg(si,a) YV, log my(ays)|.

TE~Tny, - t=0

Dropping the dependency of the parameters on the previous updates introduces
bias to the gradient. We leave the investigation of using an unbiased gradient

estimator for future work.

A.2 Hardware

We used NVIDIA GeForce GTX 1080 Ti for training the agents in all of our experi-

ments.

A.3 DAG Experiments

Three algorithms were compared in a tabular domain. In this appendix, the
hyperparameter configurations of the three algorithms are provided in Section

and more detailed results are reported in Section [A.3.2]
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A.3.1 Hyperparameters

Fixed-\ uses the Adam optimizer [Kingma and Bay, 2014] with learning rate 0.01,
B1 =0, B2 = 0.999, and € = 107%. The learning rate was selected from a coarse-
grained search in {0.1,0.01,0.001}. The other Adam parameters were chosen by
hand without search. Updates are computed on batches consisting of 8 full episodes.
We found A = 1 the best, better than any smaller values. We used a discount
factor v = 1 and an entropy regularization coefficient 0.001. The inner loop of
Meta-PWTD, Meta-PWR, and H-PWR share hyperparameters with the fixed-\
baseline, except that A is not used. For Meta-PWTD and Meta-PWR, the outer-
loop optimizer is Adam with the same hyperparameters as the inner-loop optimizer.
Outer-loop gradient is clipped to 0.5 by global norm. The weight matrix ¢ is

initialized from uniform distribution in range [—0.01,0.01].

A.3.2 Additional Empirical Results

Learning curves in the DAG environment are presented in Figure [A T} All methods
converged to the optimal performance by the end of 10000 episodes of training.

Handcrafted and meta-learned weights in the depth-4, depth-8, and depth-16 DAG
environment variants are presented in Figures [A.2] [A.3] and [A.4]

A.3.3 Learning TD-error Weights with Different Value Func-
tions

In the main chapter we show that the weights learned by Meta-PWR in the n-reset
experiment converge to a fixed weight matrix, which resemble the handcrafted
weights that we believe are useful for variance reduction (see Figure Figure ,
and Figure for visualizations of the weights). There exist sets of fixed weights
that are beneficial throughout the learning process because the reward associated
with each transition is stationary. In contrast, the TD-error for each transition is
non-stationary and evolves as the policy and the value function change. Accordingly,
the weights learned by Meta-PW'TD are also non-stationary. To visualize and

understand the weights learned by Meta-PWTD, we conducted a set of experiments
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where we set the value function by hand and held it fixed during learning so
that the weights could converge to a fixed point. Specifically, we use the optimal
value function but set the values to zero for all states up to certain depth and
hold it fixed during learning.

In Figure [A.5] three cases of value masking are shown in the depth-8 DAG
environment where the optimal value function has been masked to depth 0, 4, and
8. In the mask depth 0 case, the weights for the TD-errors have mostly changed in
the parts of the weight matrix before column 30. Column 30 corresponds to the last
state of the middle-layer of the DAG that splits the states where the agent can act
from the states where the agent receives rewards. When values are masked up to
depth 4, the TD-error weighting shifts. State 14 is the last state at depth 4, so all
weights before that are unchanged from the initialization. Note that at mask depths
0 and 4, no weights are placed on the states in the weight matrix after column 30.
Finally, at depth 8, all of the value function has been masked out and the TD-error
weighting has converged to visually similar weights as the weights learned by Meta-
PWR, which is expected as the TD-errors computed with the fully masked value
function consist only of the rewards. The learned weights in Figure show that
Meta-PWTD learns different kinds of weightings depending on the value function.

A.4 Key-to-Door Experiments
A.4.1 Environment Description

Key-to-Door (KtD) is a fixed-horizon episodic task where each episode consists
of three 2D gridworld phases.

In the Key phase (duration 15 steps), there is no reward and the agent must
navigate in a 5 X 5 map to collect a key. The key disappears once collected. The
initial locations of the agent and the key are randomly sampled in each episode.

In the Apple phase (duration 90 steps), the agent collects apples in a 5 x 9
map by walking over them; apples disappear once collected. Each apple yields
a noisy reward with mean p and variance 0. Specifically, each apple yields a

reward of r = ux with probability % or a reward of 0 with probability 1 — %
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where Kk = Z—z + 1. This sampling procedure is consistent with the original TVT
paper [Hung et al., 2019]. The number of apples is uniformly sampled from [1, 20]
and their locations are randomly sampled.

In the Door phase (duration 15 steps), the agent starts at the center of a 3 x 3
room with a door. The agent can open the door only if it has collected the key
in the earlier Key phase. The door disappears after being opened. Successfully
opening the door yields a reward of 10.

The agent’s observation is a tuple, (MAP,HAS_ KEY). MAP is the top-down
view of the current phase and is rendered in an RGB representation. HAS KEY
is a binary channel which is 1 if the agent has already collected the key and 0
otherwise. The agent has 4 actions which correspond to moving up, down, left, and
right. The primary difference between our KtD environment and the original is
that our environment is fully observable; the original is partially observable. This
difference is reflected in two modifications: the agent observes the top-down view
of the map rather than the first-person view, and the agent observes whether
it has collected the key.

We also conducted experiments in a stochastic variant of KtD to test the
robustness of Meta-PWR and Meta-PW'TD to stochastic transition dynamics. In
the stochastic variant, the action being executed is replaced by a random action

with probability 0.1 for each time step.

A.4.2 Implementation Details

All methods use A2C [Mnih et al., [2016] as the policy optimization algorithm. 16
actors are used to generate data. The rollout length is equal to the episode
length, 120 in this case. For each method described below, we conducted a
hyperparameter search in the y =5 and ¢ = 5 configuration and selected the best-
performing hyperparameters. Then the hyperparameters were fixed for all the other
8 environment configurations. Each candidate hyperparameter combination was run
with three different random seeds for 50 million frames. The best hyperparameter

combination was determined to be the one that first achieved 57 in episode return,
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i.e., 95% of the maximum possible. The following hyperparameter settings are
shared across all methods unless otherwise noted: learning rate 2 * 1074, and
Adam 8, = 0, Adam 3, = 0.999, Adam e = 1078, discount factor v = 0.998, and
entropy regularization coefficient 0.05. The advantage estimates are standardized
in a batch of trajectories before computing the policy gradient loss [Dhariwal

et al. [2017] unless otherwise noted.

A Standard Perception module. A standard perception module is used by
all method to process the observation s to a latent vector h. The observation s
is a tuple, (MAP, HAS_KEY). map is the top-down view of the current phase that
has shape (7,11, 3), where the last dimension is the RGB channels. HAS_KEY is a
binary channel which is 1 if the agent has already collected the key and 0 otherwise.
map is processed by two convolutional layers with 16 and 32 filters respectively.
Both convolutional layers use 3 x 3 kernels and are followed by ReLLU activation. The
output of the last convolutional layer is then flattened and processed by Dense(512)
- ReLLU. The binary input HAS__KEY is concatenated with the ReLLU layer output.
Finally, the concatenated vector is further processed by a MLP: Dense(512) - ReLLU

- Dense(256) - ReLLU. We denote the final output of the perception module as h.

Fixed-\ The fixed-\ baseline implements the standard A2C algorithm. The policy
and value function are implemented by two separate neural networks consisting of a
perception module and an output layer without any parameter sharing. The policy
network maps h to the policy logits via a single dense layer. The value network maps
h to a single scalar via a single dense layer. We label this baseline fixed-\ to underline
the importance of the eligibility trace parameter \. We searched for all combinations
of the following hyperparameter sets: A in {1.0,0.99,0.98,0.95,0.9,0.8,0.5,0},
and learning rate in {1072,2 x 107*, 5 % 107°,107°}. The best performing set

of hyperparameters is A = 0.5 and learning rate 2 * 107%.
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Meta-PWTD The policy (1) and value function for the original return (A)
have the same network architecture as in the fixed-\ baseline. The meta-network
(¢) computes the weights as follows. For each episode, the inputs to the meta-
network is a sequence (sg, d1, $1, - - ., 07, s7). Note that the TD-error ¢; is part of
the inputs. The meta-network first maps each s,(0 < ¢ < T') into a latent vector h,
with a standard perception module. The meta-network (¢) shares the perception
module with the value function for the original return (A). No gradient is back-
propagated from the meta-network to the shared perception module. A dense
layer with 256 hidden units maps h;(0 < i < T) into h[°"; a separate dense layer
with 256 units maps h; @ 6,;(0 < j < T) into h;‘)l where @ denotes concatenation.
The TD-error §; is clipped to [—1,1] before concatenation. Both dense layers
are followed by ReLLU activation. Another dense layer with 256 units maps the
time interval (j —i)(0 < i < j < T) to a latent vector td;;. hi®, h$”, and td;;
are element-wise multiplied to fuse the three latent vectors into one vector h;;:
hij = (R + 1) % (k5" + 1) * (td;; + 1). Note that every vector is shifted by a
constant 1 before the multiplication to mitigate gradient vanishing at the beginning of

training [Perez et al., 2018]. The latent vectors h;;(0 < i < j < T') are normalized by

Biig —
o= a1 s, (15 a5 256)
where
2 Z b
MHd = 77 o~ ijd
T*(T+1)O§i<j§T J
and

04 = J T+ <;+ 1) > (hija— pa)?

0<i<j<T
are the empirical mean and standard deviation of h;; respectively. v and 34 are
trainable parameters. ReLLU activation is applied to h;j. Finally, the output layer
maps each hj; into w;;. The initial weights for the output layer is scaled by a
factor 0.01 so that the initial outputs are closer to uniform. We applied sigmoid
activation on the outputs to bound the weights to (0,1). As for hyperparameters,

the entropy regularization coefficient is set to 0.05. For the inner loop, we used the
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Adam optimizer with learning rate 2 * 1074, 8; = 0, By = 0.999, and € = 1078, For
the outer loop, we used the Adam optimizer with learning rate 2 * 107°, 3; = 0,

Bs = 0.999, and ¢ = 1078.

Meta-PWR Meta-PWR uses the same neural network architecture as Meta-
PWTD. The only difference is that Meta-PWR does not take the reward r; or
the TD-error §; as inputs. In addition, Meta-PWR employs a value function for
the weighted sum of rewards (¢) which has an identical architecture as the value
function for the original return (A). The hyperparameters for Meta-PWR are
also the same as those for Meta-PWTD.

H-PWR The policy and value function for the weighted sum of rewards have the
same network architecture as in the fixed-A baseline. We handcraft pairwise weights
for the KtD domain to take advantage of the known credit assignment structure
that can be described as follows: The policy learning in the key phase depends only
on the reward in the door phase, the policy learning in the apple phase does not
depend on the other phases, and while the picking up the key or not impacts the
reward in the door phase, the reward in the door phase is still instantaneous. The
weights are set so that in the key phase, the rewards in the apple phase receive a
zero weight and the rewards in the door phase are discounted starting from the
first timestep of the door phase. Weights that compute discounting equivalent to
v = 0.92 are applied in the apple phase and door phase. An illustration of the
learned weights is presented in Figure 3 in the [chapter 4 H-PWR uses the same
hyperparameters as fixed-\ except v, which does not apply and A, which is set to
1.0. No hyperparameter search is conducted specifically for H-PWR.

Meta-A(s) The policy () and value function for the original return (A) have
the same network architecture as in the fixed-\ baseline. The value function for
the weighted sum of rewards (¢) has identical architecture as the value function
for the original return (A). The meta-network (¢) maps a state s; to a scalar

A(s¢) € (0,1). The meta-network first maps the observation s, to a latent vector
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h; with the standard perception module and then maps h; to a single scalar
A(s¢) via a single dense layer. Sigmoid is applied to the output of the meta-
network to bound it to (0,1). We searched for the outer-loop learning rate in
{107%,2 % 107°,5 % 1075,107%}. The best performing outer-loop learning rate is
107%. The outer-loop X is set to 1.0 without search.

RGM The policy (n) and value function for the original return (A) have the
same network architecture as in the fixed-\ baseline. The value function for the
weighted sum of rewards (¢) has identical architecture as the value function for
the original return (A). For an episode 7 = (s¢, ag, 1, $1, - - -, S7), the meta-network
first maps each s; (0 <t <T) to hY by a shared standard perception module. Then
it concatenates hY with r; and the one-hot representation of a;. Four Transformer
blocks [Vaswani et al., 2017] are applied on the concatenated features, each block
with four attention heads. We denote the output of the final Transformer block as
hi (0 <t <T). Finally, a shared linear layer maps each h} to f3;, the weight on the
reward r;. We searched for the outer-loop learning rate in {1074, 1075,107%, 1077},
as suggested by the original paper [Wang et al., [2019b]. The best performing

outer-loop learning rate is 107%. The outer-loop A is set to 1.0 without search.

TVT We adopted the agent architecture from the open-source implementation
accompanying the original TVT paper (https://github.com/deepmind /deepmind-+
research /tree/master/tvt). The only difference is that we replaced the convolutional
neural network torso in the original code with the standard perception module.
We searched for all combinations of the following hyperparameter sets: the read
strength threshold for triggering the splice event in {1,2} and the learning rate in
{1073,2%107%,5 % 107°,1075}. The best performing set of hyperparameters are 1
for the read strength threshold and 2 * 10~ for the learning rate. We did not use
advantage standardization for TVT because we found that it hurt the performance
in the KtD domain. We used the Adam optimizer parameters 5; = 0, £ = 0.95,
and € = 1079, as the open-source implementation suggested. We also set A\ = 0.92

and 7 = 0.92 following the original implementation.


https://github.com/deepmind/deepmind-research/tree/master/tvt
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A2C-RR We pick the main ideas from RUDDER |Arjona-Medina et al., 2019
and implement them in an algorithm we call A2C-RR. RUDDER uses contribution
analysis to redistribute rewards in a RL episode. The high-level idea is that since
the environment rewards may be delayed from the transitions that resulted in them,
contribution analysis may be used to compute how much of the total return is
explained by any particular transition. In effect, this drives the expected future
return to zero because any reward that can be expected at any given timestep will
be included in the redistributed reward, eliminating the delay and leading to faster
learning of the RL agent. The method is based on learning a LSTM-network, which
predicts the total episodic return at every timestep. The redistributed reward is
computed as the difference of return predictions on consecutive timesteps.

Compared to the full RUDDER algorithm, A2C-RR incorporates a few changes
to isolate some of the core ideas of the reward redistribution module and make the
algorithm more directly comparable to the other A2C-based algorithms discussed
in [chapter 4 We use the LSTM cell-architecture proposed in the RUDDER paper
and train it from samples stored in a replay buffer. In the KtD-experiments, we
do not use the “quality” weighted advantage estimate proposed in the paper due
to the random noise in the episodic return, which we deem too high variance for
reliable estimation of the redistribution quality. Instead we mix the original and
redistribution-based advantages at a fixed ratio. We recognize that omitting some
of the features of the full RUDDER algorithm may adversely impact the reward
redistribution and therefore the agent learning performance. Nevertheless, we
believe the reward redistribution idea is an interesting take on a similar idea as the
pairwise weighting studied in and therefore provide our implementation
— A2C-RR - of that idea as a baseline.

The regular frames and delta frames (as described in are processed by
the standard perception module. The preception module outputs and the one-hot
encoded action are concatenated and processed by Dense(512) - ReLLU. The output
of the ReLLU layer is the input for the reward redistribution model. As suggested

in the paper, the reward redistribution model is a LSTM without a forget gate
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and output gate. The cell input only receives forward connections and the gates
only receive recurrent connections. All of the layers in the LSTM have 64 units.
We chose not to use the prioritized replay buffer described in the paper due to
the high variance of the returns in the KtD environment. For the same reason we
did not use the quality measure, which is also described in the paper, for mixing
the RUDDER advantage and regular advantage. Instead, we used a fixed mixing
coefficient, which we searched for. The advantage is standardized after the mixing.
We implemented an auxiliary task described in the paper, where the total return
prediction loss is applied at every step of the episode. The reward redistribution
model is trained for 10 randomly sampled batches of size 8 from a circular buffer
holding the past 128 trajectories between each policy update. We set the number
of updates to 10 via an informal hyperparameter search in the y =5, 0 =5 KtD
setting, where we found that training 10 times between each update performs better
than 5 but further increasing it did not yield further large improvements. The
reward redistribution model is trained with Adam with learning rate 10~*, 5, = 0.9,
and 3 = 0.999. We applied a L2 weight regularizer with coefficient 10~7. We
searched for all combinations of the following hyperparameter sets: 7 in (0.92,1.0),
A in (1.0,0.95,0.5), auxiliary task coefficient in (0.0,0.5), and advantage mixing
coefficient in (0.5,1.0). The best performing set of hyperparameters is v = 0.92,

A = 0.5, auxiliary task coefficient 0.0, and advantage mixing coefficient 0.5.

A.4.3 Additional Empirical Results

We ran all of the methods described above in 9 variants of the KtD environment.
Figure [A.6] Figure and Figure shows the episode return, the total reward
in the door phase, and the total reward in the apple phase respectively.
Noticing that the KtD domain has deterministic dynamics, we also conducted
experiments on a stochastic KtD domain where the action being executed is replaced

by a random action with probability 0.1 for each time step. The corresponding
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results are presented in Figure Figure [A.10] and Figure[A.11] In general, Meta-
PWTD and Meta-PWR still perform better than the baseline methods regardless

of the stochasticity in the transition dynamics.

A.5 bsuite Experiments

A.5.1 Environment Description

We selected 7 tasks which were associated with the “credit assignment” tag from
bsuite. They present a variety of credit assignment structures, including the
umbrella problem in §3 in the main text. Additionally, all domains except Discount
Chain have multiple tags which create additional challenges than temporal credit
assignment. We ran all different variants of every task, each with 3 different
random seeds. Unlike the standard data regime of bsuite, we ran each task
for 100K episodes for all methods to calculate the total regret score, except
Cartpole, which we ran for 50K episodes. We refer the readers to the original
bsuite paper [Osband et al. 2019] and the accompanying github repository

(https: //github.com/deepmind /bsuite) for further details.

A.5.2 Implementation Details

Most methods use a similar neural network architecture as described in §A.4.2]
There are two common differences. First, we used 1 single actor instead of 16
parallel actors for generating data. Second, the standard perception module is
replaced by a 2-layer MLP with 64 hidden units and ReLLU activation each layer,
because the inputs are vectors instead of images in bsuite. Further architecture

differences and hyperparameters are described below.

Actor-critic Baseline The entropy regularization weight is set to 0.05. we used

the Adam optimizer with learning rate 3 x 1074, 3, = 0, 3, = 0.999, and ¢ = 1078,


https://github.com/deepmind/bsuite
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Meta-PWTD and Meta-PWR Besides the perception module, there are two
more differences with §A.4.2] First, the meta-network (¢) and the value function for
the original return (A) use separate perception module instead of sharing. Second,
all the hidden layers after the perception module use 64 hidden units instead of 256.
The entropy regularization weight is set to 0.05. For the inner loop, we used the
Adam optimizer with learning rate 3 * 1074, 8, = 0, B, = 0.999, and € = 1078, For
the outer loop, we used the Adam optimizer with learning rate 3 * 107°, 3, = 0,

Ba = 0.999, and € = 1078, Outer-loop gradient is clipped to 0.01 by global norm.

RGM The entropy regularization weight is set to 0.05. For the inner loop, we
used the Adam optimizer with learning rate 3 * 1074, 3 = 0, B, = 0.999, and
e = 1078, For the outer loop, we used the Adam optimizer with learning rate

151074, B = 0, B = 0.999, and € = 1075,

A2C-RR Apart from the perception module, the same A2C-RR implementation
was used for bsuite as was used for KtD experiments. The actor-critic was trained
with the same hyperparameters as the Actor-Critic baseline for bsuite. The LSTM

was trained with the same hyperparameters as in KtD.

A.6 Atari Experiment

A.6.1 Implementation Details

Most methods use a similar neural network architecture as described in §A.4.2]
There are two common differences. First, we generate 20-step trajectories instead of
full episodes for each policy update, following the original A2C implementation [Mnih
et al..|2016]. Second, the standard perception module is replaced by the convolutional
neural network architecture used in [Mnih et al., 2015]. Further architecture

differences and hyperparameters are described below.
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A2C The policy and the value function share the perception module. The value
loss coefficient is 0.5. The entropy regularization coefficient is 0.01. We used
the RMSProp optimizer with learning rate 0.0007, decay 0.99, and € = 10~°. The
gradient is clipped to 0.5 by global norm. The discount factor 7 is 0.99. We searched
for the eligibility traces parameter A in {0.8,0.9,0.95,0.98,0.99, 1} and selected 0.95.

Meta-PWTD The inner-loop hyperparameters are exactly the same as the A2C
baseline. For the outer loop, We applied an entropy regularization as well to
stabilize training. The coefficient is 0.01. The outer loop uses the Adam optimizer
with learning rate 0.00003, 3; = 0, B, = 0.999, and ¢ = 10~®. The outer-loop
gradient is clipped to 0.05 by global norm.

A2C-RR To handle the variable length episodes in Atari, we chunk the trajectories
as described in the RUDDER paper |Arjona-Medina et al., [2019]. Unlike RUDDER,
A2C-RR uses a circular replay buffer, to which all trajectories are added and
samples training batches from the buffer uniformly. We use the quality measure
described in the RUDDER paper for mixing the advantage estimates to the A2C-
RR implementation for Atari. The quality is computed as described in the paper,
and used for mixing the advantage computed with the environment rewards and
the one computed with the redistributed rewards. The quality is also used as
the coefficient for the mean-squared error loss used for training the baseline for
the redistributed reward. The LSTM is trained for a maximum of 100 LSTM
epochs every 100 actor-critic training iterations. If the quality of the last 40 LSTM
training trajectories is positive after updating the LSTM, the LSTM training is
stopped. For training the LSTM, we normalize the rewards by the maximum return
encountered so far and multiply the normalized rewards by 10. Before mixing
the regular and the redistributed advantages, we denormalize the redistributed
rewards by inverting the normalization process above. The inputs to the LSTM
are the delta-frames and one-hot encoded actions. In the RUDDER paper, a more
sophisticated exploration strategy is used for collecting data. We did not implement

it for a fair comparison to other methods.
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Figure A.1l: Learning curves in the DAG environments. Each curve is the mean of 5
seeds. The line for 95% of max return is added to help contextualize these learning curves

with Figure 2 in
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Figure A.2: Handcrafted, meta-learned reward weights, and meta-learned TD-error
weights in the depth-4 DAG environment in a, b, and c respectively. White is unreachable.
Y-axis has been cropped to only include weights that affect inner loop learning.

A2C-RR uses the same A2C agent as the Fixed-\ baseline, with the same

hyperparameters. Apart from the differences described above, the LSTM training

hyperparameters are from the RUDDER paper |Arjona-Medina et al.| [2019]. The

LSTM is trained with trajectories of length 512, further split into chunks of length
128. The LSTM training batch size is 8, learning rate is 10~%, the optimizer is
ADAM with € = 1078, gradient clip is 0.5, and the Lo-regularizer coefficient is 1077.
The LSTM starts training after at least 32 trajectories have been collected from the

environment. The replay buffer stores maximum of 128 trajectories of length 512.

A.6.2 Additional Empirical Results

Figure shows the learning curves of Meta-PWTD, A2C-RR, and the A2C base-

line.
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Figure A.3: Handcrafted, meta-learned reward weights, and meta-learned TD-error
weights in the depth-8 DAG environment in a, b, and ¢ respectively. White is unreachable.
Y-axis has been cropped to only include weights that affect inner loop learning.
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Figure A.4: Handcrafted, meta-learned reward weights, and meta-learned TD-error
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Figure A.5: Meta-PWTD inner loop-reset weight visualization experiment with masked
optimal value function. Figures (a,b,c) show the learned weight matrices for mask depths

0, 4, and 8 respectively.
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Figure A.6: Episode returns in all 9 variants of the Key-to-Door environment. The
x-axis is the number of frames. Rows are the different apple reward means (u), columns
the different apple reward variance (02). The x-axis reflects the number of frames, y-axis
the episode return. The curves show the average over 10 independent runs with different

random seeds and the shaded area shows the standard errors.
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Figure A.7: Door phase rewards in all 9 variants of the Key-to-Door environment. The
x-axis is the number of frames. Rows are the different apple reward means (x), columns
the different apple reward variance (02). The x-axis reflects the number of frames, y-axis
the door phase return. The curves show the average over 10 independent runs with
different random seeds and the shaded area shows the standard errors.
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Figure A.8: Apple phase rewards in all 9 variants of the Key-to-Door environment. The
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the apple phase return. The curves show the average over 10 independent runs with
different random seeds and the shaded area shows the standard errors.
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y-axis the episode return. The curves show the average over 10 independent runs with
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Figure A.10: Door phase rewards in all 9 variants of the stochastic Key-to-Door
environment. The x-axis is the number of frames. Rows are the different apple reward
means (), columns the different apple reward variance (02). The x-axis reflects the
number of frames, y-axis the door phase return. The curves show the average over 10
independent runs with different random seeds and the shaded area shows the standard
errors.
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Figure A.12: Learning curves on 49 Atari games. The x-axis is the number of frames
and the y-axis is the episode return. Each curve is averaged over 5 independent runs with
different random seeds. Shaded area shows the standard error over 5 runs.
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B.1 Meta-Gradient Estimators for Expected Pol-
icy Gradients

An expression for the meta-gradient without the sampling correction, used by
most meta-gradient algorithms, can be derived by substituting the stochastic
policy gradient in the update function with the expected policy gradient given by
equation In that case, there is no dependency between the policy n* and the
data sampled with earlier policies because when the policy is updated using the

expected policy gradient, n* becomes a deterministic function of ¢ and n°. Therefore,

162
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we no longer get the sampling correction terms that consider how ¢ affects the

distribution of data. The meta-gradient for the expected update case is given by

K K
VoTi(d) = Vo S Enepiont [Rm] — S E, e [wn’fvnk log (i) R(7)|.
k=0

= (B.1)

Algorithms that estimate this by computing inner-loop updates and the meta-

gradient from samples are biased because they ignore the sampling correction terms.

B.2 Exponential Discounting of Sampling Correc-
tions for Variance Reduction

We consider an alternative weighting using exponential discounting motivated by
analogy to the usual discounting procedure in RL. The exponentially discounted
meta-gradient estimator is expressed as follows

Z @ ( Z ak—JquUJan log p(D?; 1) Z R(7) + Z V(]ﬁnkvnk log p(r: nk)R(T)>,

k=0 =0 TeDk TEDF
(B.2)

where « is a meta-discount factor. Analogously to discounting in RL, the weights
on the sampling correction terms become exponentially smaller the further back
along the update trajectory they are from the return at k. Unlike in standard RL,
the discount on the sampling correction term uniformly weights all of the terms
in a batch, because all the data in the batch arrives to the update U(¢,n,D)
simultaneously.

We compare this variance reduction scheme with the uniform weighting ex-
perimentally. In figure [B.5] we show that the exponential discounting of the
sampling correction terms results in a similar bias-variance tradeoff to the simpler
sampling correction coefficient. Therefore, at least in this bandit setting, exponential

discounting does not seem to have an advantage over using the uniform weighting.
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Figure B.1: Comparing meta-gradient estimators with and without advantage estimation
with a ground truth computed by finite differences. The x-axis is the value of the entropy
coefficient being tuned with meta-gradients. In the left panel, the meta-gradient is
computed at different meta-parameter values. The shading shows 95% confidence interval
of the mean. In the right panel, the standard deviation of the meta-gradient is computed
at different meta-parameter values. The bootstrap estimate of the 95% CI for the standard
deviation estimate is sufficiently small that it cannot be rendered in this figure.

B.3 Advantage Estimation with Sampling Cor-
rections

In the previous experiment, the variance of the meta-gradient was mitigated by using
a large batch size to estimate the meta-gradient. In more complex RL problems,
variance reduction via algorithmic means is important due to limited computation
budgets making it difficult to use large batch sizes. In this experiment, we
demonstrate that using a standard advantage estimator with the sampling correction
results in bias and illustrate the resulting bias-variance tradeoff. This experiment
considers a similar problem setting as the previous one with the main differences
that the nonstationarity is removed by only considering a single truncation window
starting from the initial parameters and that a single scalar entropy coefficient is
tuned with the meta-gradient. Sigmoid activation is applied to the entropy coefficient.
Details and hyperparameters of the experiment are provided in appendix [B.5]
Figure shows the bias and variance of the untruncated, sampling corrected
meta-gradient estimator with and without advantage estimation. The bias is
computed as the Euclidean distance to a finite differences estimate of the meta-

gradient. The comparison verifies the results in section [5.3.4} using the advantage
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estimator with the sampling correction does reduce variance, but unlike with
standard policy gradients, it introduces bias. In practice, whether trading off
variance for bias is practical depends on the problem setting. In our experiments,
we chose not to use the advantage estimators to focus on the bias from truncation
and sampling correction, but using the advantage estimator may be worthwhile
in practice. In a practical meta-gradient algorithm using sampling corrections,
variance reduction is crucial for performance, so research into unbiased advantage

estimators in this context is a promising direction for future work.

B.4 Bandit Settings

In this section we describe the details of the bandit experiments. The experiments
are conducted in a multi-armed bandit setting. The bandits have 30 arms with
the arm means sampled from exp(Uniform(—100,1)). The reward for each pull is
computed by adding noise sampled from Gaussian with standard deviation 2 to the
arm mean. The inner learning problem is learning the policy for the bandit and the
outer problem is to learn a learning rate schedule for the inner learner. The learning
rates are grouped into two buckets to produce a two-dimensional meta-parameter for
the ease of visualization. The first eight learning rates are grouped into one bucket
and the remaining twenty one into another, choosing an uneven split because the
first few updates have larger impact on the final performance than the later ones.

The policy is parametrized as a softmax over a randomly initialized vector of
logits. The inner loop uses a simple policy gradient algorithm [Williams, [1992]. The
inner loop updates the policy for 29 update steps sampling 30 batches of experience
in total. Each update in the inner loop is computed on ten samples from the bandit.
The outer loop updates the learning rate schedule with the meta-gradient computed
by equation When truncation is applied, the inner loop is run as before
but the outer loop only considers returns within the truncation window and only
backpropagates gradients within the window. The meta-gradient is computed across
multiple inner learning problems in parallel. For computing one meta-gradient

update with the untruncated inner loop, inner batch size x lifetime length x
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Hyperparameter Value
Shared hyperparameters 1nn(e)11") E?g;};:me Sg)D
parallel runs 1000
Figure left panel lifetime length 30
outer loop updates 100000
parallel runs 1000
outer loop updates 100000
Figure right panel and figure outer learning rate 0.01
lifetime length 80
number of random seeds 10
parallel runs 1000
outer loop updates 200000
Figure right panel outer learning rate 0.001
number of random seeds )
lifetime length 30
optimizer ADAM
parallel runs 1000
outer loop updates 500000
Figure truncation lengths 1 and 8 outer learning rate 0.05
lifetime length 30
number of random seeds )
parallel runs 1000

outer loop updates 500000
Figure , truncation lengths 22 and 29 outer learning rate 0.005

lifetime length 30

number of random seeds 5
parallel runs 2000

Figure left panel lifetime length 30
outer loop samples 1000

Table B.1: Bandit hyperparameters for each experiment

parallel runs samples from the bandit are used. All the updates are computed
with stochastic gradient descent. The hyperparameters of the experiments in each

figure are summarized in Table |B.1}

B.5 MDP Settings

In this section we describe the details of the gridworld experiments. This experiment
is inspired by the experiment in Flennerhag et al|[2021], but differs in details which

are explained below. The experiments are conducted in gridworld environment,
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which consists of a 5 x 5 room. The room has two objects. The task of the agent
is to learn to navigate to the rewarding object repeatedly. The positions of the
agent and the objects are randomized in the beginning of the episode. Each time
the agent reaches one of the objects, the locations of the objects are randomized.
The environment is episodic with episode length capped at 16 to avoid having
to use value function for bootstrapping. The agent receives a reward of 1 for
moving to a cell with one object and —1 for the other object. Every timestep
when the agent does not hit a rewarding object, it gets a reward of —0.04. The
action space of the agent consists of the cardinal directions. When the agent hits
the edge of the room, it stays in the same grid cell. The observation space is the
coordinates of the agent and the two objects represented as one-hot vectors, and
an additional one-hot vector representing the timestep in the episode to make the
environment fully observable. The environment is made non-stationary by flipping
the rewards of the objects every 6400 timesteps.

The agent is trained using a simple policy gradient algorithm with a baseline
trained alongside the agent and an entropy regularization term, which has its
coefficient predicted by the meta-learner. The agent is parametrized as an MLP with
two layers of 256 units and ReLU activations. The value function is approximated
by another MLP with the same architecture. The value function is only used in
the inner-loop. The inner-loop computes updates over five environments in parallel
and samples a full episode of 16 steps from each of the environments for each
update. The parameters of the policy and value function are updated with SGD.
The meta-learning problem is to learn a small MLP, which outputs the coefficient
for the entropy regularization term used by the inner-loop. The meta-learner is
parametrized as an MLP with a single hidden layer of 32 units with ReLU activation.
The output activation is sigmoid. The input to the MLP is a vector of mean rewards
in the previous 10 batches used for the inner loop update. The meta-learner is
updated by the meta-gradient given by equation [5.3|computed as an average across 50
independent inner-loop learners running in parallel. ADAM optimizer is used for the

meta-learning. Hyperparameters of the inner and outer-loops are given in table [B.2]



B. An Investigation of the Bias-Variance Tradeoff in Meta-Gradients

168
Hyperparameter Value
inner learning rate 1.0
inner value loss coefficient 0.1
Shared hyperparameters inner optimizer SGD
discount rate ~y 0.99
inner batch size )
outer batch size 50
outer optimizer ADAM
sampling horizon 16
Hyperparameters for figure magze size 5x5
reward flip interval 6400
sampling correction coefficient {0.0,1.0}
truncation length K {8,16,32,64}
outer learning rate {le — 6,5e — 6}
number of random seeds 3

ES optimizer
ES other hyperparameters

ADAM as above
default evosax OpenES

inner batch size 10
outer batch size 25
outer optimizer N/A
sampling horizon 8
Hyperparameters for figure maze size 3x3
reward flip interval 64
sampling correction coefficient 1.0
truncation length K 8
outer learning rate N/A
number of meta-gradient samples 62500

Table B.2: MDP hyperparameters for each experiment

In section [B.3] we compare the bias and variance of the sampling corrected,
untruncated estimator with and without advantage estimation. The experiment
is run in a maze setting similar to the previous one. The agent parameters n are
reset at every reward flip interval, removing the nonstationarity from the point of

view of the inner-loop. The hyperparameters for the bias variance experiment

are given in table [B.2

B.6 Source Code Release

The source code for reproducing the results in this chapter is provided at https:

//github.com/vuoristo/meta-gradients.


https://github.com/vuoristo/meta-gradients
https://github.com/vuoristo/meta-gradients
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Figure B.2: Learning curves for the meta-gradient estimators in the bandit setting with
truncated meta-optimization horizons using SGD as the optimizer. The shading of the
curves shows the standard error across random seeds.
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Figure B.3: Learning curves for the meta-gradient estimators in the bandit setting with
truncated meta-optimization horizons using ADAM as the optimizer. The shading of the
curves shows the standard error across random seeds.
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Figure B.4: The bias and variance of meta-gradient estimators in the bandit setting
with negative cosine similarity estimate of the bias. Negative cosine similarity is shown
instead of cosine similarity to keep the bias axis consistent with figure [5.2] that is, bias
grows toward the right edge of the figure.
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Figure B.7: Snapshots into the reward per timestep in the gridworld experiment.
The figures are organized into columns by values of sampling correction coefficient and
outer-loop learning rate and into rows by truncation lengths.

B.7 Additional Experimental Results

The meta-gradient estimators are compared in terms of cosine similarity in the
left panel of figure [B.4] The two weighting schemes for the sampling correction
are compared in the right panel of figure [B.5 Learning curves for the truncated
meta-gradient estimators using SGD as the optimizer are shown in figure The
truncated learning curves with ADAM as the optimizer are shown again in figure
with the added curves for truncation length 1. The large error in the curves for the
higher truncation lengths are due to some of the seeds becoming unstable during
training and deviating far from the optimal region in a single gradient step. This
effect can be reduced in practice by using adaptive optimizers such as Adam and

gradient clipping. The learning curves with the different gradient estimators in the
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Figure B.8: Snapshots into the entropy regularizer coefficient per timestep in the
gridworld experiment. The figures are organized into columns by values of sampling
correction coefficient and outer-loop learning rate and into rows by truncation lengths.
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Figure B.9: Snapshots into the reward per timestep in the gridworld experiment
with evolution strategies. The figures are organized into columns by values of sampling
correction coefficient and outer-loop learning rate and into rows by truncation lengths.
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Figure B.10: Snapshots into the entropy regularizer coefficient per timestep in the
gridworld experiment with evolution strategies. The figures are organized into columns
by values of sampling correction coefficient and outer-loop learning rate and into rows by
truncation lengths.

untruncated bandit setting are shown in figure In the meta-learning curves,
all algorithms start from the same initialization. The gradients of the sampling
corrected estimator are similar enough to the finite differences gradient in this setting
that their respective learning curves are almost identical. Figures [B.7 and
show the reward per timestep and entropy coefficient respectively of the gridworld
experiment in evaluated at different snapshots during the meta-training. The
figures show two reward flip intervals. Figure shows bias and variance for
two initializations with a truncated estimator where the bias increases with the

sampling correction coefficient for one initialization and decreases for the other.
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Figure B.11: Bias and variance for two initializations with a truncated estimator
where the bias increases with the sampling correction coefficient for one initialization and
decreases for the other
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IC.5 Confounded MDPs|

C.1 Confounding and Stochasticity

The behavior success of the conditional and interventional policies depend on the
stochasticity of the environment and the expert, as this affects the evidence for
the inference of the latent variable. If most evidence comes from the dynamics,
which would e. g. be the case when the expert policy is very noisy and the dynamics
deterministic, we expect the conditional and the interventional policies to be
similar. However, when most evidence comes from the policy decisions, we expect
large delusion.

See figure for a plot of the rewards of the various policies given varying

amounts of stochasticity. Instead of the fixed coefficients of equation (7.2) we

175
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Expert Interventional Conditional

Expert stochasticity

o
N}

0.

Environment stochasticity Environment stochasticiy Environment stochasticity
Figure C.1: Conditional and interventional policies in the bandit environment
as a function of environment stochasticity and expert stochasticity. We show the
expected success probability for the expert (left), the interventional policy (middle), and
the conditional policy (right). Along the axes, we vary the expert policy from deterministic
(bottom) to stochastic (top) and the environment transitions from deterministic (left) to
stochastic (right); see text for details. The interventional policy performs similar to the
expert, while the conditional policy performs worse due to latent confounding when the
environment stochasticity is larger than the expert stochasticity.

vary Texp(a; = 6) between 1 (deterministic expert) and 1 (maximally stochastic
expert) and p(s;41 = 1la; = 6) between 1 (deterministic environment) and 3
(maximally stochastic environment).

In the left panel, we show the expected success probability of the expert

policy: as expected, it is highest when both the expert and the environment

are deterministic. The interventional policy of lequation (7.3)| performs similarly.

However, the conditional policy, shown in the right panel, is only able to match the
expert behavior if the stochasticity in the expert policy outweighs the stochasticity
in the environment. When the environment is stochastic and the expert comparably
deterministic, the conditional policy (and thus naive BC) infers latents largely from

past actions, suffers from delusions, and fails to imitate.

C.2 Training Deconfounded Imitators

Algorithm [3] shows how an agent is trained in practice from expert data in the
presence of latent confounders. shows the test time implementation of
the deconfounded imitation learners, which alternate between updating a posterior

belief over the latent and acting under the current belief.
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Algorithm 3 Training deconfounded imitators

Require: Initial parameters of the imitation policy n, inference model ¢, and
dynamics model 1; expert dataset {77}, MDP family My, true latent distribution
p(6), learning rates oy, as, as.
repeat

0 ~ p(6), so ~ po(so)
T = S0, t=20

for t < H do
0, ~ q¢(§t | 7.¢) > Infer the latent for trajectory
ay ~ mp(ay | s, 0) > Sample action from a Markov policy
Ser1 ~ p(Sevr | 8¢, a4, 0) > True dynamics
Append (a¢, s411) to T
t—t+1

end for

¢ — ¢ — ayVyLlyi(T) > Sample estimate of fequation (7.10)|

¢ < ¢ — a2V¢£V[(T)

é}{ ~ q¢(§§1 | 77) > Infer latent from j-th expert trajectory

N n—asVy; 3, o0 logmy(al s, 04)

until done

Algorithm 4 Deconfounded imitators at test time

Require: Parameters of the policy n and inference model ¢; MDP M, with

ground-truth latent 6.

So ~~ po(So)

T4 S, t <0

for t < H do
0, ~ q¢(§t | 7.¢) > Infer the latent for trajectory
ar ~ my(ag | st ét) > Condition on inferred latent
St11 ~ D(St41 | 8¢, ag,0) > True dynamics
Append (ay, s¢11) to 7
t+—t+1

end for

C.3 Deconfounded Imitation Learning from Ex-
pert Data Alone

As discussed in [section 7.4l when suitable demonstrations from the expert are
available, the interventional policy is identifiable from the expert data alone, without
access to the environment or the expert. In this section, we present a practical
algorithm for learning the deconfounded imitation policy from such an expert dataset.

At test time, the agent works the same way as the Algorithm [3] presented in the paper.
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Training an inference model directly on the expert demonstration faces the
same problem as naive imitation learning, i.e., the trained model takes the expert’s
actions as evidence for the latent. However, by the assumption, that the expert
is uniquely determined by the environment dynamics, we can directly learn the
conditional policy and dynamics model explaining the expert trajectories from the
demonstrations because a latent that explains the dynamics also explains the expert.
To train such models, we use variational inference to learn a trajectory encoder
4.5, Which infers the latent for the expert trajectories, and a factorized decoder,
which reconstructs the dynamics of the environment and the expert’s policy using

networks py and m, respectively. The variational inference objective is given by

H
Lot = ng%(ém) [Z log py(se+1 | 8¢, ar, ) + log m,(arst, 9)]
t=0

— BDkr <Q¢ofr(é | 72)

20). (©1)

which, unlike the objective in the main paper, represents a VAE where the encoder
Qoo takes as input the full expert trajectory 77, and the decoder decodes both the
action and transition probabilities throughout the trajectory.

This gives us a way for training the conditional policy imitating the experts in
the demonstrations and a dynamics model. However, we cannot directly use the
learned inference model gy , for implementing the interventional policy, because
it takes the expert’s actions as evidence for the latent. The Algorithm |3| works
by separately learning an inference model from interactions with the environment
and using that inference model for deconfounding the expert trajectories. When
we do not have sampling access to the environment, we cannot learn the inference
model directly. Instead, we observe that one factor of the decoder used for training
the inference model is a dynamics model of the environment conditional on the
predicted latent. Therefore, we can use it to generate synthetic trajectories for
training an online inference model g4, to minimize the online variational inference
objective given in the main paper. The online inference model can then be used
for implementing the interventional policy similarly as in Algorithm [d The full

offline dynamics learning algorithm is presented in Algorithm [5]
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Algorithm 5 Training deconfounded imitators, offline variant

Require: The initial parameters of the imitation policy 7, offline inference model
oo, online inference model ¢,,, dynamics model 1, prior distribution for
the learned latent space p(f), a dataset of expert trajectories {7i}, an MDP
(S, A, p,po, H), learning rates a, ag, as, and ay.
while not done do

0 ~ p(0) > Sample from the prior
So ~ Po(So) > Sample from a learned model or expert data
Tsynth = S0, £t =0
for t < H do
ai ~ m(ag | st) > Sample action from a Markov policy
St41 = Dy (Stt1 | St, ar, 5) > Dynamics model
Append (ay, si41) tO Tsynth
t=t+1
end for

Don = Pon — alv%nﬁ(fsymh) > Train the online model on |equation (7.10

Goft = Dot — 2V 5 D5 ﬁOH(Tg ) > Train the offline model on fequation (C.1

=1 —a3VyY; Loa(rd) > Train the dynamics model on fequation (C.1

n=n—aVy>, Lo(17) > Train the policy on lequation (C.1
end while

)
)
)
)

C.4 Multi-Armed Bandit Experiment

Implementation Details The inference model g4 is implemented as an RNN
with GRU architecture [Cho et al) 2014] with a hidden layer of 256 units. Before
the RNN;, the observation is preprocessed by an MLP with two hidden layers of size
256 units and output size 32. The action is preprocessed by a linear transformation
to a 32 dimensional vector. The outputs of the RNN are processed by a linear
transformation to a vector which parametrizes the latent distribution. The latent
distribution is a 256 dimensional Gaussian. One half of the predicted vector
represents the mean of the latent distribution and the other half, after softplus
activation has been applied to it represents the variance.

The decoder is an MLP with two hidden layers of size 256 and a linear output
layer. It uses the same input preprocessing networks for the observations and actions
as the inference model. The policy is an MLP, which takes the latent sample, and
an observation as inputs. It uses the same observation embedding network as the

other networks and then has two hidden layers with 256 units each. The naive
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Hyperparameter Value
Episode length 100
Imitation training steps 5000
Dynamics model training batch size (full episodes) 100
Imitation training batch size (full episodes) 100
Behavioral cloning learning rate 0.001
Variational inference learning rate 0.0001
KL coefficient (3) 0.001

Table C.1: Hyperparameters for the deconfounded behavioral cloning and naive
behavioral cloning algorithms

BC baseline uses the same network architecture as the deconfounded algorithm,
except it does not represent the belief as a probabilistic latent variable and therefore
there is no sampling step. It just directly passes output of the trajectory encoder
as the input to the policy network. All of the MLPs use ReLLU activations. All
networks are optimized using the Adam optimizer [Kingma and Ba|, 2014 with

default settings from PyTorch [Paszke et al. 2019], except for the learning rate.

Hyperparameter Settings The hyperparameters used for the learning algo-
rithms are presented in [table C.1}

Computing the Ground Truth Policies All of the probabilities relevant
to the bandit problem are known exactly from the definition of the problem
and the conditional and interventional policies given in the main paper. Using
these probabilities we can compute the true conditional and interventional policies,
allowing us to compare the learned algorithms to the relevant optimal policies.
In practice, the true belief over theta can be computed for any trajectory as fol-

lows

R 1
log p(6y) = log 5

) log p(0,[A log 3+ (1—s)log} if A =
logp(etJrl[AtD:{ogp( t[ t])+5t og4+( st) 0og if A, =ay

A 4 . (C.2)
1 3 .
log p(0:[As]) + s¢log ; + (1 — s¢)log 5 otherwise

The true interventional policy can then be computed by sampling a belief 0, ~

log p(ét), and sampling an action from ey, (a¢|sq, ét) This can be seen as a Thompson
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sampling policy [Thompson, |1933], which acts optimally given its current belief
of the task. The true conditional policy is computed similarly, except taking the
actions as evidence for the latent is added to the update

log p(0,)[A] + slog 3 + (1 —sy)log L +log & if A, = a

log p(B:)[A] + selog L + (1 — s;)log 3 +log &= otherwise
(C.3)

log p<ét+1 [A]) = {

C.5 Confounded MDPs

Environment Descriptions For LunarLander-v2 [Brockman et al., 2016], we
consider a modified version with unknown key bindings: a latent 6 specifies a
permutation in the map between two of the the agent’s actions and the behaviors
(firing the left and right engines of the space craft). This permutation is known to the
expert, but not the imitator. In addition, we make the environment stochastic: at
each step, with a probability of 0.15, a uniformly chosen random action is performed
instead of the action chosen by the agent. The confounding problem arises because
the expert’s actions are temporally correlated, for example it may select the same
action multiple times to adjust the lander’s attitude. A naive recurrent BC policy
may thus use past actions to predict future actions - causing confounding if the
controls are swapped, as a wrong initial guess influences future decisions.

For HalfCheetahBulletEnv-v0 [Coumans and Bail [2016-2021], we modify the
environment similarly to Swamy et al.|[2022b] by varying the target speed. The
expert observes the true target speed while the imitator only observes an indicator,
which shows whether it is running faster or slower than the target speed. The expert
smoothly tends to the target speed. This leads to correlated actions, in which the
trend of past speeds can be extrapolated. A confounded naive BC imitator may
attempt to extrapolate a random trend of its past speeds. Contrary to [Swamy
et al.|[2022b], we find that the deterministic version of this environment does not
necessarily differentiate between naive BC and DAgger. Therefore, we make the
indicator stochastic by randomizing it 20% of the time. For a detailed discussion

about the effect of stochasticity on HalfCheetahBulletEnv-v0, see below.
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Figure C.2: Comparing naive BC and oracle in a deterministic variant of
HalfCheetahBulletEnv-v0. Most of the difference in the episodic returns here compared
to the returns reported in [Swamy et al. [2022b] follows from their results adding a constant
1000 to the episodic return for plotting.

In AntGoal-vO0 [Todorov et all 2012], we consider a version of the classic ant
robot locomotion environment, where the task is to run to a goal randomly sampled
from within a circle around the starting point. This is similar to the ant environment
considered by Zintgraf et al.[[2020]. We make the goal radius % times larger to make
the locomotion task more challenging and remove the control cost. The imitators
receive noisy observations of the length and angle of the vector between the ant
and the goal in the global coordinate frame. Gaussian noise with scale 0.1 is added
to the indicator. The expert knows the true goal location and starts moving toward
it immediately, making its actions correlated across time. The confounding arises
because on the expert trajectories, the goal direction and distance can be inferred

from the expert actions and states without considering the noisy indicator.

Deterministic vs Stochastic variant of HalfCheetah. We test the differ-
ent imitation learning algorithms on the HalfCheetahBulletEnv-v0 environment
from Swamy et al.|[2022b]. We found that running our implementation of naive BC
matches the performance of our implementation of DAgger, which is inconsistent
with the results of Swamy et al.| [2022b], where they report that DAgger outperforms
naive BC. See for learning curves. One reason for why their results show

a difference between the algorithms may be that their implementation of BC
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may suffer from covariate shift resulting from it having been trained on a small
number of samples compared to DAgger. However, if that is the case, it is not an
example of the confounding problem we are interested in. To make sure that we
are testing for the ability of the algorithms to deal with the confounding problem
in this environment, we make the indicator variable stochastic. The results for

the stochatic variant are reported in the main paper.

Implementation Details For LunarLander, HalfCheetah, and Ant we use the
same network architecture as the bandit experiments with the following changes.
The output of the encoder parametrizes the mean and the log-variance of the latent
distribution. There is no parameter sharing between the different input processing
networks in the encoder, policy, and decoder. The RNN has a hidden size of
500. The MLPs have two hidden layers of size 128. The action embedding has
size 128. The latent distribution is a 64 dimensional Gaussian for LunarLander
and HalfCheetah, and 8 dimensional Gaussian for Ant. In practice, the latent
dimensionality does not matter very much. The MLPs use ELU [Clevert et al.,
2015] activations followed by LayerNorm [Ba et al., [2016]. The networks are
optimized with AdamW [Loshchilov and Hutter| [2017].

The experts are trained using a PPO implementation by Raffin et al. [2021]
with hyperparameters from Raffin| [2020]. Additionally, a running normalization
layer |Raffin et al.,|2021] is applied to the observations and fixed after expert training
to make the distribution of the observations easier to learn the decoder on.

On each iteration of the training algorithm, a batch of new episodes are collected
with the appropriate policy or policies. Naive BC only collects data using the
expert policy. DAgger collects data using a policy defined by a mixture of the
expert and imitator policies, which is linearly annealed from the expert policy to
the imitator policy during the training. Deconfounded algorithm collects a batch
episodes with the expert policy for BC and a batch episodes with the imitation

policy for training the encoder. These trajectories are saved in circular buffers that
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Hyperparameter Value
Top-level training iterations 300
Imitation / inference training steps per top-level iteration 100
Dynamics model training batch size (full episodes) 16
Imitation training batch size (full episodes) 16

BC learning rate 0.0003

Variational inference learning rate 0.0003
KL coefficient () 1.0

Table C.2: Hyperparameters for the deconfounded BC, DAgger, and naive BC algorithms
for LunarLander-v2, HalfCheetahBulletEnv-vO, and AntGoal-v0 environments. We
fix the episode length for LunarLander-v2 to 500 steps, for HalfCheetahBulletEnv-v0
to 1000 steps, and for AntGoal-v0 to 200 steps.

hold 2 * 10° transitions. After each data collection step, the imitator (and encoder)
are updated for 100 steps with the update function corresponding to the algorithm.

We implemented GAIL closely following a popular publicly available implemen-
tation and using recurrent PPO from stable-baseline3 [Raffin et al [2021] as
the RL algorithm. We use the same data sampling pipeline as the deconfounded
imitation learning for GAIL. Deconfounded algorithm collects a batch episodes with
the expert policy for BC and a batch episodes with the imitation policy for training
the encoder and stores those samples in separate buffers. The network architectures
are the same as for the other policies, where applicable. We found that getting
GAIL to work at all in our environments, we had to increase the number of episodes
sampled between each update from 16 to 64. Furthermore, we found that GAIL
did not work with reward function parameterized as a function of (s, a, s’) in our

environments, but worked better as a function of just (s').

Hyperparameter Settings The hyperparameters used for the learning algo-
rithms are presented in [table C.2|


https://github.com/HumanCompatibleAI/imitation
https://github.com/HumanCompatibleAI/imitation
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Hyperparameter Value
Top-level training iterations 300
PPO training iterations per algorithm iteration 1
PPO batch size (timesteps) 400
PPO gradient max norm 0.5
PPO normalize advantage True
PPO epochs per training iterations 10
PPO discount rate ~ 0.99
PPO GAE-A 0.95
PPO learning rate 0.0003
PPO episodes per training iteration 64
Discriminator training steps per top-level iteration 20
Discriminator batch size (full episodes) 16
Discriminator maximum gradient norm 100

Table C.3: Hyperparameter settings for GAIL.
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Supplementary Material

D.1 Summary of Distributions in BIG

Due to the diverse nature of the sources of input information, inferring the reward

posterior requires the agent to learn and maintain several distributions over random

variables, we summarize them in

186
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Table D.1: Summary of the distributions involved in BIG. This table supplements the

diagram in

DISTRIBUTION NAME DESCRIPTION SAMPLES TO LEARN
i Reward Incorporates prior knowledge in reward
pw) Parameter Prior parameterization None
(k) Cost of Incorporates prior knowledge in rewards None

plals,0,w)

p(w] DEXpert)

Exploration Prior

Contextual Prior

Model
Expert Policy

Expert reward

T(s, (1,) = krmax Over exploratory state-actions

Characterizes uncertainty in 6 a priori at
test time

Dgim - samples from the CMDP
simulator

Contextual successor features
learned from simulator and Dgypert

Model of optimal policy for expert in
CMDP M(#) with reward parameters w

Updates the reward parameter prior using Dexpert dataset of expert

Posterior expert data trajectories
6:]7) Contextual Characterizes uncertainty over which 7; - each expert or exploratory
poilm Posterior latent variable 6; agent i was assigned agent’s trajectory
IRL+COE Bayesian Reward Incorporates epistemic uncertainty from
Bayos (r|s,a) S o ) N B} None
Distribution P(w|Dgxpert) and p(k) into reward model

D.2 Bayesian Successor Feature Learning

Consider the optimal Q-function Q*(s, a, 8, w), which satisfies the optimal contextual

Bellman equation: B*[Q*](s,a,0,w) = Q*(s,a,d,w) where:

B [Q*](s,a,0,w) = v(s,a) w (D.1)

+ f}/]Es’Np(s’\s,a,G) Su/p Q*(S/a ala 67 (,U) (D2>

As the expert selects actions a € argmax, Q*(s,d’,0,w), learning Q*(s,a,0,w)
is sufficient for modeling the set of expert policies, from which the true reward
parametrization can be inferred.

Learning with Expert Data. Consider the Bellman equation under the

expert policy 7*(a'|s’,6;). The successor feature representation W, should satisfy:
\P¢(S, a, Hi)Tw* = l/(S, CL)TW* + IVES’Np(s’\s,a,ei),a’wﬂ*(a’\s’,ei) [\IJ¢(S/, CL/, 01)]1— w*. (D3)
We can factor w* from the Bellman equation and then solve:

‘If¢<8, a, (91) = V(S, CL) + ’yEs’rvp(s’\s,a,@i),a’ww*(a’\s’ﬂi) [\Il¢(3’, CL’, 91)] . (D4)
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This yields the objective for each expert trajectory 7;:

LExpert(gb; Ti) = ]Es,awUnif(Ti),Oin(Gi|Ti) [H\Il¢(87 a, gz) - (V<S7 CL) (D5>
+ W/Es’wp(s’|s,a,9i),a’~7r*(a’|s’,9i) [\Iltb(slu alu 91)]) M .
(D.6)

where Unif(7;) is a uniform distribution over the state-action pairs in trajectory ;.
Minimizing Lexpert(¢@; ) for each trajectory ensures that the successor feature rep-
resentation is consistent with the expert demonstrations. Minimizing Lrxpert(¢; 7:)
can be carried out using a semi-gradient approach, thereby avoiding the need for

two samples from the expert policy and state-transition distribution:
¢ o+ nsVeVs(s,a,0:)(v(s,a) +yVe(s',d',0;) — Wy(s, a,0;)). (D.7)

As the latent contextual variable #; is never observed, we must infer a posterior
over its value p(6;|7;). It may seem that this could be avoided via IRL using the
prior-averaged transitions Egp) [p(5'|s, a, ¢)]. However, we provide a simple coun-
terexample in demonstrating that a prior-averaged approach does not
account for the true reward ordering in the underlying space of CMDPs. Sampling
0; ~ p(6;|1;) from the posterior over the expert’s contextual variable is typically
intractable, so we use variational inference instead, as detailed in fappendix D.5]
Learning with a Simulator. In addition to expert demonstrations, we also
have access to samples from the CMDP simulator. This allows us to learn W4 over
state-action pairs where the expert has not provided demonstrations. We sample a
dataset Dsimulator = {7i }ii™**" of Ngimulator trajectories from the simulator: the
simulator samples an MDP from the prior, and then an exploration policy Trxpiore
interacts with the corresponding MDP, observing state-action-state transitions.
In [chapter 8] we use an e-greedy exploration policy where the greedy actions a’ €
argmax, Wy(s',a’,0;)"w are taken with probability 1 — € then uniformly otherwise.
More sophisticated approaches such as a policy that maximizes the entropy of
the ergodic, discounted state-action occupancy distribution [Hazan et al [2019]
would also be appropriate, especially in larger domains. However, our experiments

demonstrate the e-greedy policy suffices for learning successor features in our setting.
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Once samples have been obtained, we infer the posterior p(6;|7;) over the MDP
that the exploratory agent was assigned for each MDP i € [1 : Ngimulator]. Like
with the expert data, our goal is to ensure that the successor feature representation
U, satisfies a Bellman equation. In the target, we choose the next action that
maximizes the Q-function for a given w, @’ € argmax, Vy(s',a’,6;)Tw. This yields

the objective for each MDP i:

ESimulator(¢; Ti, w) = ES,GNUnif(Ti),Gin(Oi‘Ti) [ (D8>
2
(\Ijtb(S? a, 02) - (V(S7 a) + ’}/Es/~p(s’\s,a,91) [\IJ¢(S/7 (Z/, 91)] ) :|
(D.9)

where Unif(7;) is a uniform distribution over the state-action pairs in trajectory

7;. We optimize this objective using the following TD update:
O O+ nVeUs(s,a,0;) - (v(s,a) + vy (s d,0;) — Vy(s,a,b;)). (D.10)

There are two differences between the updates for the exploratory data and the
expert data. First, the exploratory data updates are off-policy. Due to the deadly
triad [Sutton and Barto, 2018], using semi-gradients is not guaranteed to converge
[Fellows et al., 2023b, Tsitsiklis and Van Roy, [1997]. We introduce a separate target
network ¢’ that is updated periodically to stabilize the updates. Second, the updates
depend on w as the supremum acts over the dot product between the successor
representation and the reward parametrization. As we require successor features to
infer w, we interleave learning both w and ¢ in a nested optimization, using both
expert and exploratory data with an initial burn-in period using only the expert data.

We combine both objectives into the single objective presented in

£(¢, W) = ﬁExpert(¢; Ti) + ﬁESimulator((b; Tis LU), (D11>

for some constant 3. However, we note that the reward learning and successor
feature learning depend on each other through the objective Lsimulator and reward
update given by yielding a two-timescale learning problem. To enable
convergence to a stable local optimum, the learning rates 7, and 7, are set such

that n, < ng.
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Figure D.1: Counterexample CMDP

D.3 The Need for Inference Over Context Vari-
ables

We consider a simple counterexample illustrated in with four states s;
and two possible hidden contexts denoted by 6. As shown in the figure, 6 controls
the environment transition. The simplest approach to IRL using the average MDP
would map the experts’ state visitation frequency 7 to reward value. This would
assign rewards: r(sy) = cn, r(s2) = c¢(1 —n), r(s3) = ¢, where ¢ is an arbitrary
finite positive constant. This means that the values of r(s;) and 7(s2) are only
determined by 7 and will give incorrect reward ordering r(sy) > 7(s;) for any
17 < 0.5. On the other hand, if a Bayesian approach is taken, it is possible to infer
which MDP the agent was in. If the belief of a trajectory is weighted towards the
expert being in § = 0, the expert’s preference for aq = left over a; = right must
be a consequence of the reward ordering r(s1) > r(sq2). Likewise, if the belief of a
trajectory is weighted towards the expert being in # = 1, the expert’s preference for
aop = right must imply that r(sq) +yr(s3) > r(s1) +7r(so). As r(s1) > r(s2) will
be inferred from the trajectories of experts in § = 0, this implies that (s¢) < 7(s3),
and so a correct reward ordering will be learned regardless of 7. By being Bayesian,

these possible inferences condition on which 6; the expert was in, and are explained
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by Q¢+ (s, a,8;,w). We can best match w so that is consistent with these inferences
under the belief p(6;|7;,w) in the expert’s MDP. We thus conclude that compared
to a fully Bayesian approach, naively using imitation learning on the prior-averaged

MDP will not yield policies that account for reward ordering of the underlying MDP.

D.4 Bayesian Solution to the Imitation Gap

Finally, we present pseudocode for the Bayesian solution to the Imitation Gap (BIG)
in falgorithm 6 It takes as inputs the prior distributions and the expert dataset

IRL + COE

Bayes . In the main loop, data is collected

and produces a reward function r
from the simulated environment using an e-greedy policy. We use e-greedy for
convenience as we found it to be an easy way to achieve suitable coverage of the
state-action space in the experiments. The data collected using the random policy
is used for learning the successor features in an off-policy RL algorithm. With an
off-policy algorithm, assuming coverage of the whole state-action space, the exact
kind of randomness does not matter for the kind of successor features we learn.
The collected data together with the expert demonstrations are used to update
the successor feature representation. The learned successor features are used for

updating the reward parameters to maximize the likelihood of the expert data.

After K steps of the main loop, the final reward function is computed by applying
the cost-of-exploration refinement defined in [section 8.3.3]

D.5 Approximate Inference

Whilst the full Bayesian approach outlined in is clearly desirable, there
are several sources of intractability that prevent us from computing the Bayes-
optimal policy 75, exactly. Firstly, maintaining and inferring the posterior
distributions is likely to be intractable for all but the simplest choice of likelihoods,
which have insufficient capacity for representing the set of MDPs beyond contrived
toy tasks. Secondly, marginalization using the posteriors likely will involve high

dimensional integrals, which are computationally inefficient. Finally, solving the
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Algorithm 6 BAYESIAN SOLUTION TO THE IMITATION GAP

Require: priors p(f), p(w), and pcog(r|o, s,a), contextual posterior p(6|7), dataset
Drxpert, reward scales ryin and 7may, learning rates 7, and 7, loss coefficient 3, and
number of steps K.

Initialize parameters ¢ for the successor features and w for the reward.
Initialize an empty replay buffer Dreplay-
for K steps do

Sample a new MDP from simulator 6; ~ p(6).

Sample a trajectory 7; in the MDP defined by 6; using an epsilon-greedy policy
w.r.t. the Q-function defined by W4(s, a,8;) w for 6; ~ p(6;|7;).

Add the trajectory 7; to the replay buffer Dreplay-

Update ¢ to minimise £(¢;w) using Drxpert and DReplay-

Update w using with Diypert-
end for
Rescale w s.t. rewards lie in the range [rmin, "max)-

s gl IRL 4+ COE
Compute the predictive reward TBayes . return r

IRL + COE
Bayes

planning problem in the BAMDP for every possible history to obtain a Bayes-
optimal policy is notoriously challenging, even for very simple domains [Zintgraf
et al., 2020]. We thus derive an algorithm that follows the methodology of the formal
Bayesian approach outlined in whilst making necessary approximations

from the powerful toolkit of variational inference to ensure tractability.

D.5.1 Tractable Prior and Likelihood Learning

Instead of attempting to infer the posterior p(¢|Dsimulator) €xactly, which may be
intractable, we use a MAP approach instead to learn a point estimate ¢y ,p. The
justification for this is that we have access to a simulator from which a large number
of samples can be drawn. The Bernstein-von Mises theorem specifies that in the
limit of large data K — 00, p(®|Dsimutator) — Ot o (¢) where ¢} is the maximum
likelihood estimator, so we expect p(¢|Dsimutator) = gz, (). In the same limit,
hiap — Pavp- Our choice of using a MAP estimator over the MLE estimator is
purely practical in that the prior can add regularization to stabilize learning, as
is seen by the contribution to the MAP objective:

ﬁMAp(¢) = Zlogp(ﬂgzﬁ) + log(gb) (D12)

=1
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To find a tractable objective to maximize the MAP estimate, we introduce a

variational distribution gy, (6;) parametrized by x; € X, for which:

log p(7i|¢) = / log p(7il@)qy, (0:)db;, (D.13)
p(7:,0i]9)

_/1 < Bore g >> (6,)d6;, (D.14)

_ / 1Og( Eg|f|¢; ZEZ;)qxw )db;, (D.15)

1 97, 1)
— [ (logp(7.80) ~ oz, (6) 0y (66, — [ CEAOITO) (g 30,

log ¢y, (6;)
(D.16)
= Lrreo (¢, xi) + KLy, p(:|7i, ¢), (D.17)
— EELBO((ba Xi) = 10gp(7'i|¢) - KLQX¢p<'|TZ'7 ¢), (D.18)

where Lgipo(+) denotes an evidence lower bound (ELBO). Now, assuming there

exists some x;* € X such that q,.(0;) = p(0;|7i, ¢), then sup, .. x KLgy,p(+|7i, ¢) = 0,

hence it follows from [equation (D.18)| that

log p(7;]¢) = sup Lerpo(®, Xi)- (D.19)
Xi€X

Substituting into the MAP objective from equation (D.12)[ yields:

Lyiap(¢) = i sup Lerpo(9, xi) + log(¢). (D.20)

i=1 Xi€X
To find a ¢yap € argsupyeqp Larap(P), we recognize that for each MDP sampled

from the simulator indexed by i € [1 : K|, we can minimize the following index-

specific ELBO:

LeLeo(9, xi) = Ey, ~ay, ( Zlogp S¢| 811, ar—1,6;) + log p(6;]¢) — log(qxi(éi)) )

t=1

(D.21)

with respect to ¢ and y;. Here, Variational Auto-encoders [Kingma and Welling),
2014] (VAEs) offer a powerful framework for solving this problem via a variational
expectation-maximization (EM) algorithm. In VAE parlance, the distribution

p(7:]0;, @) is known as the decoder, parametrized by ¢ € ®.
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Algorithm 7 LEARNPRIOR+LIKELIHOOD

Initialize ¢, x, ¢
for K steps do
Sample new MDP from simulator § ~ p(6)
Sample initial state sy ~ po(so)
forte[l: H;| do
Sample action a;—; ~ d(a;_1)
Sample transition s; ~ p(s¢|s;_1,a;-1,0)
Sample gradient g, ~ V., LgLpo(®, X)
X X + gy
Sample gradient
9o ~ Vo (LELBO(¢a X)+ zm logp(¢))
¢ ¢+ algy
g¢ ~ VMSBE(()
¢+ ¢ —aggc
end for
end forreturn (, ¢

For each MDP 6;, we train an encoder g¢,,(6;), parametrized by x; € X, that
acts as a variational approximation to the posterior: p(6;|7;, ).

To learn the prior parameters, we propose [algorithm 7] Instead of specifying
an encoder for each ¢y, (6;), we train a single encoder ¢, (¢;) online using an entire
trajectory of samples from a specific MDP 6;. Once training has finished for that
MDP, we sample another ;,;, using x as the initialization parameters for the new
encoder, ¢, (6;1+1). Moreover, as both learning the reward prior and minimizing the
MSBE to learn the likelihood require samples from a simulator, we interleave both

optimization problems using the same interactions with the simulator.

D.6 Proofs and Derivations
Lemma 1. The gradient of the log normalization constant log z(s,w, 0;) is
Vo log z(s,w, 0;) = Equpalswon [V(s,a,0;)]. (D.22)

Proof. We assume that A is continuous. If A is discrete, we replace the Lebesgue

measure A with the counting measure, and our proof remains unchanged. Taking
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derivatives directly yields our desired result:

V,log z(s,w,0;) =V, log/AeXp (;\I/*(s, a, Qi)Tw) dX\(a), (D.23)
1 1
=V, [ ex (llf* s, a,b; Tw) dX(a) - ,
/A Pl T ) (@) Jaexp (2+(s,a,0)Tw) dA(a)
(D.24)
exp (1U*(s,a,0;) w
:/ U*(s,a,b;) p(a ( ) ) dX\(a), (D.25)

A Jaexp (é@*(s,a,&,)ﬁu) d\(a)
:/A\I/*(s,a,@i)p(a|s,w,9i)d)\(a), (D.26)
= Eap(alswo) [P7(s,a,0:)]. (D.27)

[

Theorem 1. Define ¢ = %3 Using the Laplace approrimation for the posterior,
the approzimate Bayesian reward parametrization wh,,.s & Wiapiace can be found by

carrying out the following stochastic gradient descent updates on the log-posterior:

W — W
W —w+ 1N, (NExpertHi (‘;[l*<3j7 Gy, 91) - Eai~p(ai\8j7w79i) [\Ij*(sﬁ Qi 91)]) - (ggO)> :

(D.28)

Proof. Using Laplace’s approximation, we fit a Gaussian to the posterior distribution
with mean Wy, j.cc € argsup,cq P(w|Dexpert). Equivalently, we can maximize the log
posterior instead. Defining ¢(w; Dpxpert) = Vo, 10g p(w|Dpxpert), from the definition
of the gradient of a log:

1
g(wv DExpert) = Vw lng(w’DExpert) - va<w‘DExpert) . p( (D29>

w ’ DExpert )

We define the joint set of expert contextual variables as Opypert == {01, 02, ...0 NExpert} €

©Nexpert . Taking gradients of the posterior yields:

pr<w‘DExpert) = /@NExpert va(w’DEXperta @Expert)dp<@Expert|DExpert)7 (D30)

— / va (w |DExpert7 @Expert)
©"xpert p(w|DExpert7 ®Expert)

p((ﬂ | DExpert ) @Expert ) dP (@Expert | DExpert ) )
(D.31)

e /eNExpert VW log p<w‘DExpert, @EXpert)dP(@Expert, W|DEXpert)7
(D.32)

= /@NExpert vw log p(w‘IDExpertv @Expert)dp(@Expert|w7 DExpert>p(w‘,DExpert)-
(D.33)
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Substituting yields our desired result:

Vw log p(W|DExpert> - /@NExpert vw log p(w|DEXpert7 @Expert)dp(@Expert |w7 DExpert)~

(D.34)
Now,
(DEXpert|w @Expert) (w)
wDXer,@xer ! D35
P Prsperts Ospert) = 1 p o Oppert AP () (D)
NExpert i
[T27™" p(7i|w, 0:)p(w) (D.36)

LS plmle, 6)dP(w)

NExper P
I T p(sjalsy, aj, 00)p(ag]s;, w, 0;)p(w)

TS T pss sy a0 00)p(ag] s, w, 0) AP (w)
(D.37)

TS T plas]s5, w, 6:)p(w)
T TEE T plag]sy,w, 0)dP(w)

, (D.38)

where we have used the fact that each p(s;+1|s;,a;,6;) has no dependence on w,
and so will cancel in the fraction when deriving the final line. Now, substituting for

the definition of the likelihood:

p(wlpExperta ®Expert) (D39)
NEx ert H;—1 * T 2
P i \Ij Si,Q;, 81 w o
X exp ( Z Z ( ( J ] ) —logz(sjaei,W)>) exp (_”220”)7
=1 j=0 Q@ =
Likelihood o
(D.40)
NEX ert H;—1 % - 2
P 7 qj ) ) 02 -
= exp ( (Sja&]a ) w _logZ(Sj,Qi,w)> _M ’
=1 j=0 o} 202

(D.41)
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hence:
vw 10g p(w|DExpert7 ®Expert) (D42)
NEx ert H —1 * T 2
b U ( s],aj,g) w | — woll
- ]‘ 1 917 - T 5 9 )
(D.43)
= g(w; Dexpert) (D.44)
NEX ert H —1 * T
P U*(s;, a; ,9) w
= LNExpert vw ( ; g ( ’ - - log Z($j7 9i7 CL))) (D45)
[Jw — woll”
- TO’Q dp(@Expert’UJ?DExpert)a (D46)
0
NEx ert H;—1 * T 2
2 (U (s4,a4,0;) W llw — wol|
= Eo,~p(0:)w,7:) | Ve S ] i 0s, - — |-
> Entosers (Z (e ou (s 0 ) - 12 2%
(D.47)
Now, applying Lemma [1| and multiplying by « yields:
NEXpert H —1
Oég( DExpert Z Z EQ ~p(0;|w,DExpert) {(\If*(Sj, g, 91) - Eaiwp(ai\sj',wﬂi) [\II*(Sja g, 91)])}
=1 j=0
(D.48)
(w — wp)
e (D.49)
SO
as required O
D.4.1 Derivation of BRL Objective
Starting from the Bayesian RL objective:
Jgayes - ETooNpgo(Too) lz 72T2‘| ’ (D50>
i=0
- Ehoo~p§o(hoo) [Z fyiErin(T”hiyai) [Tl]‘| : (D51>
i=0
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Now,

Eyimp(rilnian 1] = E, Bt COF (ry]54,a4) (7l

T NpBayes

EWNP(W) [EﬁNP(mSi,amw) [TZ]] ) OtherWisev

_ ) Erp) (kT max] » s,a € Scor X Acog,
Ecva(w) [V(Si, ai)TW} s otherwise,

. E*rmax, s,a € Scor X Acor,
V(Siu ai)Twlgayes7 OtherWiSG7

_ ,IRL+COE/ .
= T'Bayes (817 ai)’

hence:

0.@)
T _ i, JRL+COE
JBayes = Ehomp (heo) lZV TBayes (54, ai)‘| )
i=0

o0

— i, IRL+COE

- Eetest"’p(etest) [Ethp& (hoo|9) [Z 7 TBayes (Si? a1>‘|‘| ’
=0

as required.

D.5 The Role of Temperature in IRL

Figure D.2: Space of Three State MDPs

_ {Ek~p(k) [Erwp(rilsi,ai,k) [7’@-]} , 5,0 € Scor X Acog,
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(D.52)

(D.53)

(D.54)

(D.55)

(D.56)

(D.57)

(D.58)

We now provide an intuitive example to demonstrate how the prior influences the

expert data in our Bayesian formulation. Consider the space of three state MDPs in

figure D.2l The agent has a set of two possible actions A = {ay,as}. For 6 = 6, the

agent transitions to state s; deterministically after selecting a; or sy after selecting as.

For 6 = 65, the actions are reversed. In both MDPs, the initial state is sy and state
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s or s9 are terminal. The reward function depends only on states and is r(sg) = 0,
r(s1) = 1, r(s2) = —1. Let I(s) € {0,1}* denote the indicator feature vector
where I(s,) is a one-hot vector where the nth element is 1, e.g. I(s;) = (0,1,0)".
We represent this reward function using the linear form r(s) = I(s)"w* where
w* = (0,1,—1)". Finally, MDPs are allocated using a uniform prior.

Expert data will always consist of trajectories that transition from state sg to
state s;. For our feature vector, we can derive the corresponding expert successor

feature representation analytically:

U* (s, ar, 01) = I(s0) + %H(sl), U* (50, as, 01) = I(sp) + %H(SQ), (D.59)

qj*(S(], as, 82) = H(SQ) + 1j,y]1(81)7 \1/*(80, ai, 02) = H(So) + 117]1(82), (D60)

T (s1,-,-) = 1_17]1(31), T (s, -, ) = 1_1711@2). (D.61)

Using the gradient update in jequation (8.3)] we see that updates in state sg

will initially draw actions equally from p(a;|so,w,-). This yields an initial gra-

dient update of:

N Xper Hl * 1 * *
92 =wo + 778;}3;)?t <\I] (Sovalael) - 5 [\D (507(1'1’ 91) + v (807a2791)]> +
(D.62)

N Xper Hz * ]_ N .
prTt (qf (s0,a2,05) — 3 [T* (50, ag,05) + ¥ (so,ahez)])7 (D.63)
0
UM NEXpert Hz
Wy M) i) (D.61)

For exposition, assume that there is no prior preference between wj and w?, and

that wl = w? = 0. We see that the initial gradient will update these values to:
0 0 g

wl _ ’VngNExpertHi w2 _ _vngNExpertHi
o2l-y) 0 2(1—7)

(D.65)

We now consider the regime where the temperature parameter tends to zero v — 0.
For all future updates, as w; > ws, the model expert policy will tend towards a
deterministic function that picks the action leading to state si: p(alsg,w, ;) =

d(a = a;). This means that all future updates & > 1 from state so will pull the



D. A Bayesian Solution To The Imitation Gap 200

reward parametrization back to the prior value:

by, Me(wr —wo)

9o = Wk 5 (D.66)
SO

In the regime where the temperature parameter tends to infinity o — oo, the
model expert policy will remain uniform over all actions. Under this assumption,
all future updates k£ > 1 from state sy will continue to increase the value of
w; and decrease the value of wsy, whilst pulling w, back towards the prior in

accordance with 7.

k k
k VN Nexpert Hi 05 (w — wo)
= — — I —1I - D.

When used in practice, we select a to be between 0 and co. Our example reveals
that the smaller the temperature parameter, the less the updates will separate
values of reward for states that the expert visited vs that the expert could have
visited. Conversely, when « is very large, this difference will grow and can only

be counteracted by the prior variance .

D.6 Experiments
D.6.1 Computer Resources

The experiments were run on servers with eight recent NVIDIA GPUs (3080, A4500,
or A5000). The random seeds were run in parallel. The experiments for the

gridworld were the longest and took approximately an hour to run.

D.6.2 Latent Inference Investigation Details

shows the learned rewards in the latent inference experiment described
in [section 8.4.2, The learned rewards are somewhat hard to interpret because
in addition to the scaling and shifting information being lost in IRL, there is no

pressure for the algorithms to keep the reward vectors sparse. Instead, they are

only trying to optimize jequation (8.3)] Nevertheless, the rewards learned with

latent inference have the same ordering between the critical states si, s9, and s3

as the ground truth reward. In contrast, the rewards learned with naive IRL do
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GT Reward
Bl With latent inference
EEm No latent inference

50 51 512 Sq 54 55
Figure D.3: A demonstration of the necessity for latent inference. On the left, we repeat
the visualization of the CMDP used in the experiments for convenience. On the right, we

show the rewards learned with and without latent inference compared to the ground truth
rewards. The reward vectors are normalized to unit norm. The y-axis is linearly scaled.

not differentiate between s; and so, which results in the learned policies not taking

the path through s; even when it is available.

D.6.3 Tiger Treasure Details

The Tiger-Treasure problem is displayed in and described in [section 8.2.1]

The agent starts in state Sy and can either listen or open a door. The listening
action transitions the agent to a "hint’ state revealing with probability p = 0.85 the
location of the Tiger. After the agent opens a door, it is either roared by the tiger or
collects the treasure and arrives in the terminal state S7. For learning the contextual
IRL reward, we use the hyperparameters presented in Table with a default value
of wy = (0,0,0,0,0,0) in the Laplace approximation Equation [8.3] The reward
prior is introduced after having rescaled the IRL reward between ry;,, = —100
and 7. = 10. To enhance the training process, we normalize the rewards before

training the DQN policies. The hyperparameters presented in Table [D.3]

D.6.4 Tiger Treasure Maze Details

The agent starts in the middle of the two doors. It can choose to move in the
cardinal directions or listen. After the agent opens a door, it will either collect
a treasure or be roared at by a tiger for one timestep. Then, depending on what

happened, it gets transported to the nearest grid cell to the Tiger or Gold. The
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Parameter Value
Number of parallel environments | 500
Number of steps per rollout 50
Number of updates 5000
e-greedy e 0.5
Maximum gradient norm 0.5
Discount ~ 0.99
« 0.01
S 100.0
Target SF update rate 50
SF learning rate 1x1073
Reward learning rate 1x 1072
Replay buffer size 50000
Batch size (trajectories) 500
Tmax 10.0
T'min -100.0

Table D.2: IRL Hyperparameters for the Tiger Treasure problem.

Parameter Value
Number of parallel environments 16
Number of steps per rollout 50
Total number of updates 20000
Learning rate 1x107*
Discount ~y 0.99
Target network update rate 1
Replay buffer size (number of full trajectories) | 200000
Batch size (number of full trajectories) 100
Starting value for e 1.0
Final value for € 0.05
Fraction of updates after ¢ schedule finishes 0.5

Table D.3: DQN Hyperparameters for the Tiger Treasure problem.

expert takes the shortest path to Gold and never listens. The state of the agent
is defined as the X — Y coordinates of the agent and an indicator variable, which
indicates the result of the listening action. After taking a listening action, the agent
is transported to a state with the same X — Y coordinates but with the indicator
showing the true value of 6. The indicator states have the same dynamics as the
corresponding normal states. The coordinates and the indicator are encoded as
one-hot vectors. The reward feature v is the full table of all states visitable by the

agent. Since the dynamics are deterministic given 6, the inference model labels
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Parameter

Value

Number of parallel environments
Number of steps per rollout
Number of updates
e-greedy €

Maximum gradient norm
Discount ~y

a

S0

Target SF update rate

SF learning rate

Reward learning rate

Replay buffer size (number of full trajectories)
Batch size (number of full trajectories)

k

rmax

T'min

16

40
20000
0.5

0.5

0.99
0.01

1.0

50

3x 107
3x 1073
10000
100

0.01

1.0
-0.05

Table D.4: IRL Hyperparameters for the Maze problem.

Parameter

Value

Number of parallel environments
Number of steps per rollout
Total number of updates
Learning rate

Discount -y

Target network update rate

Replay buffer size (number of full trajectories)
Batch size (number of full trajectories)

Starting value for €
Final value for e

Fraction of updates after ¢ schedule finishes

16

40
100000
1x1074
0.99

1
10000
100

1.0
0.05
0.5

Table D.5: DQN Hyperparameters for the Maze problem.

the trajectories with the true 6 if it is revealed on the trajectory.

The hyperparameters used for BIG in the maze experiment are shown in

Table [D.4] The hyperparameters for DQN in the maze experiment are shown

in Table [D.5] A recurrent neural network is used for the policy architecture. A

separate MLP network is used for implementing the critic.
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