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ABSTRACT

Modeling the decision making behaviour of agents embedded in interactive
environments is crucially important for achieving truly intelligent artifi-
cial agents capable of interfacing with the real world. The elicitation of
meaningful adaptive behaviours occurs by specifying a control loop that
minimizes an error functional describing the task objective. Adaptive agents
possessing such a loop are capable of learning meaningful behaviours via
optimization of quantities extracted from the environment they interact
with. In the formalism of reinforcement learning, this training signal is de-
scribed by the reward function of a Markov decision process. Often, the
reward specification is difficult or impossible to obtain. Such a challenge can
be alleviated by adopting the learning from demonstrations formalism. This
formalism provides training signals from examples of previously demon-
strated behaviours. This thesis aims to investigate how behavioural patterns
can be inferred via imitation of experts in diverse environments.

The first part of this thesis studies the specific setting of surgical simula-
tion where we develop an algorithmic pipeline for performance evaluation
of surgical practitioners based on training virtual reinforcement learning
agents. Digital twin representations of real world settings provide a fertile
ground for reinforcement learning based approaches due to their capacity
for near-unlimited interaction and the inherent ease of data acquisition.
The results suggest a novel, principled way to evaluate and assist users of
surgical simulations.

In the second part of the thesis, we present two algorithmic improve-
ments of the proposed pipeline. The first tackles the issue of learning from
diverse demonstrations, a problem which arises due to varying modalities
of measured expert behaviours. We address this learning task by leveraging
tools from causal inference to derive causally invariant representations of
reward functions, thereby improving generalization properties across a
range of environment dynamics. The second algorithmic addition extends
the distribution matching perspective underlying the learning from demon-
strations framework through the lens of optimal transport. The result is
a novel imitation learning method based on sliced Wasserstein distances
which significantly improves sample efficiency of online imitation learning
methods.
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ZUSAMMENFASSUNG

Die Modellierung des Entscheidungsverhaltens von Agenten, die in inter-
aktiven Umgebungen eingebettet sind, ist von entscheidender Bedeutung
fur das Erzielen wirklich intelligenter kiinstlicher Agenten, die in der Lage
sind, mit der realen Welt zu interagieren. Das Hervorrufen von sinnvol-
len adaptiven Verhalten erfolgt durch die Spezifikation eines Regelkreises,
wodurch eine Fehlerfunktion minimiert wird, die das Aufgabenziel be-
schreibt. Im Formalismus des Reinforcement Learning (z.Dt. bestarkendes
Lernen) wird dieses Trainingssignal durch die Belohnungsfunktion eines
Markov-Entscheidungsprozesses beschrieben. Oftmals ist es schwierig oder
unmoglich, die gewtinschte Belohnungsspezifikation zu erhalten — eine
Herausforderung, die gemildert werden kann, indem der Agent aus erfolg-
reichen Demonstrationen lernt, was durch den Formalismus des Lernens
aus Demonstrationen beschrieben werden kann. Das Ziel dieser Arbeit ist
es, das Verstindnis von Verhaltensmustern zu erweitern, welche durch
Nachahmung von Experten in vielfiltigen Umgebungen erlangt werden.

Der erste Teil dieser Arbeit untersucht das spezifische Setting chirurgi-
scher Simulationen. Hier entwickeln wir eine algorithmische Pipeline zur
Leistungsbewertung von Chirurgen in Ausbildung, die auf der Schulung
der virtuellen RL-Agenten basiert. Digital Twin-Darstellungen von Analoga
aus der realen Welt bieten einen fruchtbaren Boden fiir Anséitze, die auf Ver-
starkungslernen basieren aufgrund ihrer Kapazitat fiir nahezu unbegrenzte
Interaktion und der Einfachheit der Datenerfassung. Die Ergebnisse deuten
auf eine neuartige, prinzipielle Methode zur Bewertung und Unterstiitzung
von Benutzern chirurgischer Simulationen.

Im zweiten Teil der Arbeit stellen wir zwei algorithmische Entwicklungen
vor, die die obengenannte Assistenz-Pipeline erweitern. Die erste befasst
sich mit der Frage des Lernens aus diversen Demonstrationen — ein Problem,
das aufgrund unterschiedlicher Modalitidten der vorhandenen Demonstra-
tionen entsteht. Wir gehen das Problem an, indem wir kausal invariante
Representationen der Belohnungsfunktionen herleiten, was in verbesserten
Verallgemeinerungseigenschaften resultiert. Die zweite algorithmische Er-
ganzung schlédgt eine neuartige Nachahmungs-Lernmethode vor, die auf
geschnittenen Wasserstein-Distanzen basiert und die Abtastungseffizienz
des Online-Nachahmungslernens erheblich verbessert.
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INTRODUCTION

Intelligence is the ability to adapt to change.
— Stephen Hawking

Modeling adaptive decision making agents marks a cornerstone of ar-
tificial intelligence research. The adaptive control of dynamical systems
using the reinforcement learning (Sutton and Barto, 2018) formalism has
seen a significant amount of progress over the last few years due to ad-
vances in neural network training (Kingma et al., 2014). These advances
have enabled the translation of adaptive decision making algorithms into
high-dimensional domains allowing the elicitation of highly performant
behaviors in a variety of demanding tasks such as playing complex games
(Mnih et al., 2015; Silver et al., 2017; Vinyals et al., 2017), various robotics
tasks (Billard et al., 2008), maintaining a dialogue with humans (Ouyang
et al., 2022) or even controlling a nuclear fusion reactor (Degrave et al.,
2022).

In order to successfully train and deploy such agents, a simulated envi-
ronment is typically required. This restriction arises due to cost associated
with two factors: (i) the control loop is fundamentally limited by real-time
constraints; (ii) during training, the agent may perform actions which are
unsafe, leading to damage or irreversible deterioration of the physical sys-
tem it is interacting with. A simulated version of the environment alleviates
these restrictions by providing a way to gain computational efficiency via
parallelization and faster than real-time processing as well as providing
safe interaction capacity, thus avoiding negative consequences of unsafe
actions.

The advent of widespread digitalization and the pervasive nature of com-
putation in today’s world have enabled the development of sophisticated
simulations, often denoted digital twins, of various real-world domains.
Examples include virtual replicas of physical objects (Kalidindi et al., 2022),
systems (Y. Jiang et al., 2021), or processes (Van der Valk et al., 2020).
This concept is gaining traction across various industries, including manu-
facturing, healthcare, automotive, and urban planning, by improving the
understanding and management of complex systems. The medical domain
particularly benefits from simulations due to its safety critical nature. It
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INTRODUCTION

features notable examples of digital twins such as oncological or cardio-
logical models (Croatti et al., 2020; Laumer et al., 2023; Katsoulakis et al.,
2024) resulting in a viable alternative for a number of downstream tasks,
including analysis, diagnostics and training of human practitioners.

This type of simulation provides a robust platform for deploying and
studying learning agents within a controlled environment. In the broader
field of machine learning, where the availability of data is essential, these
systems consistently generate a stream of interaction data that can be uti-
lized for learning. Such platforms are particularly valuable in contexts like
medical decision-making, where safety is paramount and the exploration
of the behavioral space can be offloaded to a simulated domain to mitigate
risks. This thesis explores the surgical simulation platform as a particular
instance of digital twin technology, that replicates human anatomy in a
digital format, allowing for detailed study and testing of interactive agents
within that environment.

The elicitation of specific, complex behaviors such as surgical procedures
within a control loop of a digital twin largely relies on a detailed specifica-
tion and meticulous finetuning of the learning objective. As the complexity
of the simulated environment increases, so does the necessity to specify
a more complex objective. This growth in complexity is challenging as
accounting for all the intricacies of a complex task becomes an exercise in
identifying corner cases of the induced behavior. The design of such a learn-
ing objective, i.e. cost or reward functions, poses a significant challenge on
the path to a broader adoption of the obtained adaptive behavioral models
in practice.

To overcome the obstacle of hand-crafting such functions, we turn to the
learning from demonstrations framework (Schaal, 1996) to derive a training
signal for adaptive agents from datasets of reference behaviors. This do-
main encompasses a broad scope of techniques ranging from supervised
behavioral cloning (Pomerleau, 1991) and preference learning approaches
(P. E. Christiano et al., 2017; Brown et al., 2019) to imitation (Ho et al., 2016;
Fu, Luo, et al., 2018) and inverse reinforcement learning methods (Ratliff
et al., 2006; Ziebart, J. A. Bagnell, et al., 2010) . The framework of inverse
reinforcement learning is of particular interest, since it allows to derive the
reward signal from a dataset of expert demonstrations for downstream
tasks such as evaluation of novices or training of assistance agents in a
transfer setting. In this thesis, we primarily focus on the distribution match-
ing formulation (Kostrikov, Nachum, et al., 2019) of such algorithms and
investigate the resulting elicited behaviors.



1.1 MOTIVATION

1.1 MOTIVATION

As an example of such adaptive behaviors, we study the acquisition of
surgical skills in simulated environments. Teaching complex surgical skills
in an efficient and rigorous manner will have important implications for
the quality of overall health care. Some of the benefits that can result
from applying quantitative data driven methods are a reduced number
of injuries, shorter procedure times and an improved understanding of
surgical decision making. In order to approach this sophisticated problem
from a machine learning perspective, we model the behavior of surgical
novices in order to adapt the teaching process accordingly. A suitable way
of modeling this behavior is to consider a sequential decision making agent
learning from expert demonstrations.

The resulting algorithmic pipeline for learning such behaviors shows a
number of appealing properties, making it an appropriate candidate to
derive feedback signals for teaching. The central feedback mechanism when
learning from demonstration utilizes the proximity of the novice behavior to
the expert reference. To quantify this proximity, a number of metrics can be
used, for instance various distribution matching methods (X. Nguyen et al.,
2009; Sriperumbudur et al., 2009), that are defined globally over a dataset
of demonstrations. However, in order to provide a meaningful assistance to
a novice, a fine-grained feedback might be needed on a per-decision-step
basis. The reward function and imitation agent policy obtained by using
IRL methods provides a principled way to generate such feedback for any
state the novice might find themselves in. Another benefit of employing this
algorithmic choice is the data efficiency with respect to the expert demon-
strations, which are typically expensive to obtain. Due to the continuous
interaction with the environment enabling the statistical support estimation
of the expert policy, IRL methods allow one to obtain successful behavioral
policies from a very low number of demonstrations (Arora et al., 2021).

THESIS GOALS In this dissertation, we develop an algorithmic pipeline
for simulated surgical environments based on sequential decision making
agents which learn from demonstrations. For this purpose, we formalize
surgical skill development in the context of inverse reinforcement learning
algorithms. We build the foundation for deploying decision making agents
in these virtual environments with the purpose of assisting human users
of such systems by converting a benchmark suite of surgical tasks for RL
training. The main goal of this benchmark is to train virtual agents which are



INTRODUCTION

capable of assisting surgical novices by providing intra-operative feedback.
This goal requires to insert the knowledge of an expert practitioner into
a virtual agent capable of performing the task as close as possible to the
expert behavior. Once trained, we obtain access to fine-grained feedback
mechanisms given by (i) the inferred intent of the expert, represented by the
reward function of the MDP, which allows evaluation of trajectory subsets
and (ii) the inferred imitation policy which is trained to optimize this
reward, allowing queries of trajectory suggestions for assistance purposes.

1.2 DISSERTATION OVERVIEW AND CONTRIBUTIONS

The dissertation is structured in two parts. The first part presents the algo-
rithmic pipeline that employs reinforcement learning agents for the surgical
simulation digital twin. Here, we establish a series of benchmark tasks
within two domains of minimally invasive surgery. The first is the domain
of arthroscopic procedures focusing on foundational skills necessary for
instrument manipulation. The second is the laparoscopic domain, where
we study the diagnostic tour problem of the abdomen. We demonstrate the
utility of the suggested pipeline by presenting an evaluation protocol for a
number of human trainees of the simulated domains.

In the second part, we focus on two algorithmic extensions of the pro-
posed pipeline. The first extension solves the challenge of learning from
diverse experts, where we present a method based on the principle of causal
invariance which extends the maximum entropy IRL framework in both
tractable and approximate settings. The second extension deals with directly
obtaining the policy mimicking the experts by leveraging a novel, more
sample efficient way of performing imitation learning based on generalized
sliced optimal transport distances.

In the following, we provide an overview of the individual chapter
contributions:

* Chapter 2 lays the groundwork for the thesis and presents the frame-
works used therein. We give an overview of the foundations of re-
inforcement learning techniques as well as an introduction to the
distribution matching perspective on imitation learning and reward
inference.

* Chapter 3 presents the algorithmic pipeline for surgical teaching assis-
tance in simulation. Our contributions are as follows: (i) we develop
a set of benchmark tasks based on two minimally-invasive surgical
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simulation scenarios. The first deals with instrument manipulation
in an arthroscopic setting, which serves as a prerequisite course for
training surgical novices. The second scenario focuses on the laparo-
scopic setting, where the goal is to perform a diagnostic tour of the
abdomen using an endoscopic camera. This scenario features a more
complex topology due to the safety critical aspect of avoiding con-
tact with the anatomy of abdominal structures. In order to develop
meaningful assistive behaviors, we propose an algorithmic pipeline
based on modern RL algorithms to train virtual agents capable of
assisting the teaching procedure. As a first step, we develop a num-
ber of heuristic reward functions for the proposed benchmark tasks
to enable the elicitation of the desired behaviors in simulation. In a
second step, we employ the inverse RL framework to infer a reward
functions from a dataset of human demonstrations, thus obtaining
the reward functions specific to a cohort of expert practitioners. By
training a policy using this reward, we effectively transfer the expert
knowledge of the cohort to a virtual agent’s policy, which can be
queried to provide suggestions. We validate the proposed evaluation
protocol on a dataset of human demonstrations, where we recover the
ground-truth heuristic ranking.

This chapter is largely based on the following publication:

Ivan Ovinnikov, Ami Beuret, Flavia Cavaliere, Joachim Buhmann
FASTRL and beyond: a reinforcement learning pipeline for fundamentals of
arthroscopic surgery training

International Journal of Computer Assisted Radiology and Surgery
(IICARS), https://doi.org/10.1007/511548-024-03116-z

Chapter 4 describes the first algorithmic extension of the proposed
pipeline. More often than not, the IRL assumption of truly optimal
behavior is violated and it is desirable to effectively leverage sets of
demonstrations of suboptimal or heterogeneous performance, which
are easier to obtain. However, the diversity of experts due to different
sources of heterogeneity such as individual expert preferences or
varying recording circumstances poses a challenge on the way to
obtaining succinct representations of the task rewards. We tackle
this issue from the perspective of expert label noise arising from the
pooling of diverse demonstrations under the same optimality label.
In order to distill task-relevant information into the inferred reward,
we propose a regularization strategy for IRL algorithms based on
the principle of causal invariance. We demonstrate the improved
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generalization performance of the obtained rewards in a transfer
setting across a range of environment dynamics.

This chapter is based on the following preprint:

Ivan Ovinnikov, Eugene Bykovets, Joachim Buhmann

Learning Causally Invariant Reward Functions from Diverse Demonstra-
tions

Transactions on Machine Learning Research (TMLR), in review

Chapter 5 describes the second algorithmic extension of the proposed
pipeline. In this chapter, we focus on sample-efficient policy learning
via direct imitation as opposed to the full IRL loop which requires the
estimation of a reward. Imitation learning methods typically rely on
an adversarial approximation of f-divergence measures. Information
theoretic divergence measures between probability distributions do
not generally reflect the geometry of the underlying problem. More-
over, they rely on density ratio estimation, which can be brittle. To
alleviate these deficiencies, we recast the imitation learning problem
as state occupancy matching via minimization of sliced Wasserstein
distances. We provide a novel way of deriving a per-timestep reward
function for policy learning by leveraging a local approximation of
the gradient of the sliced Wasserstein functional in the space of oc-
cupancy measures. The resulting algorithm demonstrates significant
improvements in terms of both asymptotic performance and sample
efficiency on a benchmark set of robotic locomotion tasks.

This chapter is based on the following preprint:

Ivan Ovinnikov, Alexander Terenin, Joachim Buhmann
Imitation Learning via Generalized Sliced Wasserstein Distances
Transactions on Machine Learning Research (TMLR), in review



BACKGROUND

Our virtues and our failings are inseparable, like force
and matter. When they separate, man is no more.
— Nikola Tesla

In this chapter, we lay the groundwork by defining the essential terminol-
ogy and concepts that are utilized throughout the thesis. We start with an
introduction to the reinforcement learning framework, that plays a key role
in analyzing adaptive sequential decision-making agents. An overview of
the fundamental principles of reinforcement learning is provided, followed
by a discussion of various specific model-free methods employed in this
work.

Subsequently, we introduce the framework of learning from demonstra-
tions, specifically focusing on imitation and inverse reinforcement learning
modalities, central to the algorithmic pipeline described in chapter 3. We pri-
marily concentrate on the maximum entropy inverse reinforcement learning
framework, which provides the foundational methodology for the algo-
rithms explored throughout this thesis. We illustrate the link between the
approximate solutions of the maximum likelihood problem for a Gibbs
distribution of trajectories and a class of information theoretic divergence
measures. Following this, we present the distribution matching approach
using f-divergences, which forms the basis for several adversarial imitation
learning methods further developed in chapter 4.

We continue by discussing distribution matching techniques based on a
number of optimal transport methods, and we assemble a concise overview
of their implementation in Markov decision processes. These optimal trans-
port methods are foundational for the discussion of a novel distribution
matching method introduced in chapter 5. Lastly, we provide a brief in-
troduction to the principles of causal inference, which are employed in
chapter 4 as a regularization strategy for inverse reinforcement learning
methods. Specifically, we advocate the causal invariance principle, a con-
cept from causality that enables improved integration with contemporary
machine learning methodologies compared to other causal-graph-based
approaches.



BACKGROUND

2.1 REINFORCEMENT LEARNING

The framework of reinforcement learning (Sutton and Barto, 2018) formal-
izes the interplay between an adaptive sequential decision making agent
and an interactive environment. The high-level interaction is described
using the following loop:

* The agent, described by some state at timestep f takes an action
according to its behavioral policy and incurs a reward signal.

* The environment advances the agent to the next state by using the
transition dynamics function which takes current state and action of
the agent as input.

MARKOV DECISION PROCESS This interaction can be formally described
by a Markov decision process (MDP) M = (S, A, T, 7, 1o, R), where S is the
state space, A is the action space, 7 is the family of transition distribu-
tions on S indexed by S x A with p(s'|s,a) describing the probability of
transitioning to state s’ when taking action 4 in state s using transition
dynamics 7(s,a), 7 is the discount factor, yg is the initial state distribution,
and R : X — R is the reward function. Here, space X' denotes an element
of the following sets of spaces: {S,S x A4, S xS, S x Ax S} > X.

TIME HORIZON One can further distinguish between finite-horizon
MDPs and infinite-horizon MDPs. The former introduces an additional
variable in the description of the MDP called horizon T which denotes the
maximal number of timesteps the agent can interact with the environment.
The latter considers the case where T — co. In the scope of this work, we
focus on the finite-horizon setting, also referred to as episodic RL.

AGENT GoaL The goal of the agent is to maximize the total amount of
reward it receives over the course of its interaction with the environment.
To achieve this goal, the agent must select a policy function 7, which returns
optimal actions a for a given state s. More formally, a stochastic policy 7 is
a conditional probability distribution of actions a € A given states s € S.
The agent’s objective is then defined as follows:

T
Y Vtr(st)l (2.1)
=0

max IET[GEH’Y)] = max )




2.1 REINFORCEMENT LEARNING

Equation (2.1) describes the fact that the agent aims to maximize the dis-

(7m7)

counted sum of rewards, denoted as the return G,”""’, obtained over the
course of an episode of length T under expectation over its own policy 7
and transition dynamics 7(s, a).

In order to adapt the policy according to eq. (2.1), it is necessary to define
look-ahead functions, i.e. functions that indicate the expected return of a
policy 7 interacting with dynamics T when starting from a particular state
s and following that policy for some time horizon T. Canonically, such
functions are denoted as value functions.

VALUE FUNCTION The value function V; : & — R of a state s € S is
defined as follows:

T

Vr(s) = E (77 [2 Yr(st)|so = s] =r(s) + E-[V(s)] (2.2)

t=0

The state-action value function or Q-function Qr : S x A — R is an analo-
gous function defined over the state-action product space S x A:

T
Qn(s,a) = B(rry | Y, 7'7(st,at)|s0 = s,a0 = a] =r(s,a) + E-[Q(s', 7(s"))]
t=0
(2.3)
The value functions are related to each other as follows:
Vie(s) = /A Qy(s,a) (2.4)
Ar(s,a) = Qr(s,a) — Vr(s) (2-5)

where A (s,a) denotes the advantage function. Both value functions defined
above admit a recursive formulation as indicated by the second equality sign
in egs. (2.2) and (2.3). This formulation arises from the Bellman equation,
which we will describe next.

BELLMAN EQUATION The Bellman equation is the discrete analogue of
the Hamilton-Jacobi-Bellman (HJB) equation which extends the Hamilton-
Jacobi formulation of mechanics to a Hamiltonian obtained via Bellman’s
principle of optimality (Bellman, 1957). The HJB equation describes the
evolution of the potential of state s at timestep ¢, V(t,s), as follows:

otV (t,s) + max {r(s,a) +9sV(t,s)t(s,a)} =0 (2.6)
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where r(s,a) : denotes the negative cost (reward) function and (s, a) :
S x A — § is the action-conditional function describing (stochastic) transi-
tion dynamics.

For a time-homogeneous process, the discretization of eq. (2.6) yields the
Bellman operator

B™V(s) = 1(s) + Egn () 7V (s)]- (27)

where the expectation is taken over the combination of a stochastic policy
7t(+|s) and stochastic dynamics 7(s,a). The Bellman optimality operator is
defined analogously:

BV(s) = r(s) + max By (5,0 [7V (s")]. (2.8)
acA !

The Bellman operator is a fixed-point contraction operator in V solving
the Bellman optimality equation:

V*(s) = 7(s) + B [y V" (). (2.9)

A greedy policy is characterized by the following relation w.r.t. the value
function V (s):

B™V(s) = BV (s) (2.10)
The optimal policy is then defined as follows:

V*(s) =sup V'(s) VseS (2.11)

EXACT SOLUTION For a finite state space of cardinality |S|, the exact
solution of eq. (2.9) can be obtained by writing out the linear system of
equations as follows:

v=(I-9P") 1t (2.12)

where v € RIS! is the vector of values for all s € S, P™ € RISIXISI ig
the transition matrix under the (greedy) policy 7 and r € RI| the reward
vector. While this approach has a limited applicability due to the restrictions
on state-space cardinality and prohibitive computational cost of the matrix
inversion, it enables the RL problem of appropriate scale to be solved by a
wide array of linear programming algorithms (Ozdaglar et al., 2023).
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2.1.1  Dynamic programming

Approximate solutions of the Bellman optimality equation in eq. (2.9) are
typically obtained using dynamic programming approaches by leveraging the
recursive property of value functions. Two such complementary methods
are the policy iteration and value iteration algorithms.

POLICY ITERATION The policy iteration algorithm uses an alternating
scheme consisting of two steps: (i) policy evaluation and (ii) policy improve-
ment. In the first step, the Bellman operator in eq. (2.7) is applied to all
states in a finite state space under the current policy to evaluate the value
function. In the second step, the policy is updated by choosing the action
which greedily maximizes the evaluated values.

VALUE ITERATION To alleviate the computational burden of policy eval-
uation steps, which might require multiple passes over the state space,
value iteration limits the number of policy evaluations to a single step. It
can be seen as a direct application of the greedy maximization to the result
of the Bellman operator in eq. (2.7). Both policy iteration and value iteration
provably converge to the optimal value function in discounted finite MDPs
(Sutton and Barto, 2018).

The methods outlined above are generally only applicable to finite state-
action spaces of modest dimensions due to their poor scalability, often
referred to as the curse of dimensionality. Another limiting factor is their
reliance on the explicit knowledge of the transition model, which is rarely
available in practice and requires approximation using model-based ap-
proaches. Their importance lies in the fact that they build the foundation
for more sophisticated methods used in a function approximation setting.
We will discuss a number of approximate methods for solving the Bellman
optimality equation next.

2.1.2  Model-free function approximation setting

Contrary to model-based methods involving planning over a learned model
of the MDP dynamics, model-free reinforcement learning methods focus on
learning the policy from direct interaction with the environment. In order
to make such algorithms tractable, most modern methods rely on function
approximations of RL functions such as the policy or value functions. This
adaptation has largely been enabled by recent progress in neural network
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training approaches (Kingma et al., 2014, Mnih et al., 2015). We begin
by considering function approximation analogues of the policy iteration
method, resulting in on-policy policy gradient methods and subsequently
introduce the off-policy formulation.

POLICY GRADIENT METHODS Policy gradient methods (Williams, 1992;
Kakade et al., 2002; Schulman, Levine, et al., 2015) assume a differentiable
policy parameterized by a parameter vector 6. The policy gradient theorem
(Sutton, McAllester, et al., 1999) derives an explicit gradient of the expected
cumulative reward objective in eq. (2.1):

VGGTE(SIQ) = lE(n,‘r) [VG log 7T(LI|S)Q7T(S,LI)] (2-13)

The gradient estimator arising from this formulation (Williams, 1992)
generally suffers from high variance and does not perform well in practice.
Schulman, Moritz, et al. propose to use an approximation of the advantage
function A7 (s, a) (eq. (2.5)) instead of Q7 (s, a) to improve the bias-variance
trade-off. The resulting generalized advantage estimator is the de-facto stan-
dard approach to introduce a bias term used in (Schulman, Levine, et al.,
2015) and (Schulman, Wolski, et al., 2017).

AN (s, a1) = 6 + (YA)bpi1 + o+ (YA) T 1074 (2.14)
(

where 0y = r(s¢, a) + YV (sp11) — V(st).

CONVERGENCE GUARANTEES When working with highly parameter-
ized policy models, it is necessary to further limit the parameter update
magnitude to attain guaranteed convergence. An initial convergence bound
for policy gradient updates was presented in (Kakade et al., 2002) for a
limited policy class and extended to more general policy parameterizations
in (Schulman, Levine, et al., 2015) as described by theorem 1.

Theorem 1 ( Schulman, Levine, et al., 2015). Let G(7t) be the discounted
empirical return of policy 7.

G(r') > L) — (14_61)2“2

where
€ = max |Ar(s,a)| a= max Dry (72014 (1) || 7Tnew (]5)

and Lu(') = G(Tota) + Y preys(s) X7 (als) Ar(s,a)



2.1 REINFORCEMENT LEARNING

Algorithm 1 Proximal Policy Optimization

Init: Initialize K actor networks ng, critic network Vj
for iteration n < N do
for actor k < K do
Use policy 7 to interact with dynamics T for T timesteps
Compute advantage estimates Ai,i:LT using GAE estimator
(eq. (2.14))
Optimize following loss w.r.t. parameters using gradient descent:

Lppo(0) = Eny[Le1ip(0) — c1 Ly + caH(7g)]

where L, (0) = min(%,/it, clip(%,, 1—e,1+e)Ayr),
Lve(p) = ||Vp — V||* and H(rg) is the entropy of the policy 7t
Return: Trained policy 77y, value network Vj

This theorem guarantees suitable step size for the policy update to achieve
provable convergence. The proof is provided in appendix A.1.

TRUST REGION POLICY OPTIMIZATION The resulting algorithm, trust
region policy optimization (TRPO) (Schulman, Levine, et al., 2015), introduces
a constrained formulation of eq. (2.1) by restricting the Kullback-Leibler di-
vergence between the parameters of the current policy 7r and the parameters
of the updated policy 7':

max E,[G™] s.t. Dk (6,6') <6 (2.15)

To enforce the constraints, the method utilizes an approximation of the
natural gradient in the parameter space. Under suitable conditions, such
as adequate step sizes and appropriate trust region definitions, the TRPO
algorithm is proven to converge, leading to near-optimal policy solutions.

PROXIMAL POLICY OPTIMIZATION Proximal policy optimization (PPO)
(Schulman, Wolski, et al., 2017) is an adaptation of TRPO which simplifies
the implementation using various heuristics. In particular, solving for the
constraint in eq. (2.15) requires the use of a second-order optimization
method, which can be costly due to the computation of the Hessian-vector
products. PPO is one of the two main algorithms to solve forward RL
problems used in this thesis and is summarized in algorithm 1.

13
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2.1.2.1  Off-policy reinforcement learning

Policy gradient methods such as PPO are considered to be sample inefficient
due to the fact that they only utilize samples drawn from the rollout buffer
of the current policy to update the policy and value networks. A compelling
alternative is presented in the form of off-policy methods which maintain a
buffer of transition samples obtained from previously updated policies to
improve sample-efficiency.

TEMPORAL DIFFERENCE LEARNING Temporal Difference (TD) learning
methods (Tesauro et al., 1995) build the foundation for off-policy meth-
ods that learn directly from environment interaction. TD methods use a
bootstrapping method to update their estimates.

One particular example of such a method is Q-Learning which iteratively
updates the state-action-value function Q using the Lj-loss between the
current estimate and the observed one-step empirical estimate of the Q-
function, denoted as TD(0), where 7 is the learning rate:

Qesa(s,a) = (1=m)Qk —(r(s,a) + ymax Q(s',a'))  (2.16)

TD(0)

In order to translate this objective into the deep RL setting, Mnih et al.
proposed a number of additions such as the target network for bootstrap-
ping and the use of a replay bulffer, resulting in the DQN algorithm used to
achieve superhuman performance on a large subset of Atari games.

One of the main restrictions of TD-Learning methods is the greedy policy
formulation. In particular, such a formulation is an issue in the case of
continuous action spaces, where an optimization routine to determine
the maximum needs to be solved at every iteration. Similar to on-policy
methods, this limitation is resolved by introducing actor-critic architectures
which alternate between policy and value update steps.

SOFT-ACTOR-CRITIC  Soft-Actor-Critic (Haarnoja et al., 2018) (SAC) is a
popular off-policy RL method which solves the forward maximum entropy
RL problem regularized using the policy entropy. It incorporates a number
of algorithmic additions such as double Q functions to overcome overes-
timation bias (Fujimoto et al., 2018) and improved exploration properties
due to an adaptive policy temperature.
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Algorithm 2 Soft Actor Critic
Input: Number of iterations N, number of policy steps M, number of
gradient updates G
Init: Initialize policy 779 and two state-action-value function networks Q
and Qgpr- Initialize target networks Qp and Qg and replay buffer Drp
for iteration n < N do
for policy step m < M do
Sample action a; ~ 7t(a|st)
Sample transition from environment s;1 ~ p(s;11|s¢, at)
Add transition to replay buffer Drg = Drp U {(st, a¢,7t,5¢41) }
for gradient step ¢ < G do
Update the value networks using Vo (¢)
Update the policy network using V] (6)
Update the Boltzmann temperature using V,J(«)
Update the target networks Q using a moving average of previous
estimate and current state-action-value function parameters (¢, ¢’)
Return: Trained policy 779, Value function Qy;

The Q-functions are updated using the standard empirical TD(0)-estimate:

1
Jo(@) = Bis )iy | 5(Qo(stiar) = (r(se ar) + VEr[Qg (e, 7(st41))])?
(2.17)

The maximum entropy formulation yields a Boltzmann policy 7(als) =
exp(”‘ZM. To circumvent the computation of the partition function Z, the
policy is parameterized using a neural network with parameters 6 and
trained using the forward Kullback-Leibler divergence as the information

projection:

= argmin D (7o (-[s)l7q(-[s)) (2.18)

By plugging in the Boltzmann policy, we obtain the following policy objec-
tive:

Jn(0) = Es,py [Baynmy [ 10g 7o (at]st) — Qg (st, at)]] (2.19)

The resulting algorithm is summarized in Algorithm 2.
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RL SUMMARY We have presented a number of foundational principles
to perform training of RL agents, as well as two model-free methods PPO
(algorithm 1) and SAC (algorithm 2), which are used extensively in the
context of this work. Up to this point, we have assumed a reward function
to be provided as part of the MDP description. However, this is often a
significant assumption, and we will now shift our focus to scenarios where
the reward function must be inferred from data.

2.2 INVERSE REINFORCEMENT LEARNING

The reward function is fundamental to the question of specifying the control
loop. However, specifying rewards for complex tasks is challenging, and a
data-driven approach is often selected.

The field of inverse reinforcement learning (IRL) (Ng, Russell, et al., 2000)
tackles the learning scenario where the agent has no access to a ground
truth reward signal. Instead, such methods aim to infer a suitable reward
signal based on a dataset Dg = {{;}i<n of trajectories {; = (st a¢)i<T
assumed to have been sampled from an expert policy 7tg of an agent which
performs near-optimally in the given MDP M.

The main challenge of IRL is the fact that the problem is ill-posed (Ng,
Harada, et al., 1999) — there exist many possible rewards for a given policy.
A number of algorithms have been proposed to alleviate this challenge
including (Ratliff et al., 2006; Abbeel et al., 2004; Ziebart, Maas, et al., 2008;
Bashiri et al., 2021). In this thesis, we focus on the maximum entropy approach
to IRL (Ziebart, Maas, et al., 2008).

2.2.1  Maximum entropy IRL

One way to resolve the ambiguity problem in IRL is to employ the maximum
entropy principle (Jaynes, 1957). The application of this principle to IRL
has been introduced in (Ziebart, Maas, et al., 2008) and is described by the
following constrained variational optimization problem:

ml/?x H(p(Elp)) st (2.20)

Eep(clp) [9(8)] = Egnpy[9(S)] (2.21)
L plv)de =1 p(el) >0 (222
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In order to learn the linear reward representation ry = 9 ¢(&) for some
given trajectory features ¢ (&) € RY, the problem seeks to 1dent1fy the distri-
bution p(¢[y) that maximizes the entropy H(p(¢[y)) = E, g y) log p(Cl¥)
of the distribution subject to moment constraints. The flrst Constramt corre-
sponds to the feature expectation matching between the trajectory distribu-
tion p(¢|y) induced by the policy trained on the current reward estimate
and the expert trajectory distribution given by the expert dataset Dr. The
second constraint corresponds to the normalization constraints of p(&|y).
The solution of this variational problem yields the Gibbs distribution over
trajectories:

pElY) = o exp(4? () (2.23)

Zoy

To find the optimal parameters of the Gibbs distribution in eq. (2.23), one
needs to solve the following maximum likelihood problem:

T
ex
max Explp(Ely)] = max Egep | “ELLEN ] oy
7 7 Zy
In tractable settings (e.g. tabular state spaces), the gradient of eq. (2.24) can
be computed in closed form. In large state spaces, the partition function Z
presents an estimation challenge and an approximation scheme is typically

employed.

MAXIMUM ENTROPY DUAL More generally, the Gibbs distribution ob-
tained via the maximum entropy principle belongs to the exponential family
of distributions:

pr(x) = po(x) exp(f(x) — A(f)) (2.25)

where A(f) = log [ exp(f(x))po(x)dx is the log-partition function and
po is the base measure, that we assume to correspond to the Lebesgue or
count measure depending on the continuity of the underlying measurable
space. Due to the difficulties of computing this function in high-dimensional
spaces, a dual formulation of the maximum likelihood problem is derived.
Leveraging the strict convexity of the log-partition function A(f) in f, the
Fenchel dual (Rockafellar, 2015) of A(f) is given by

Ay) = max (q(x), f(x)) — Dkr(qllpo) (2.26)
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By plugging in the resulting dual of the log-partition into the maximum
likelihood, we obtain the saddle-point objective:

max I;gg Eypg [f(x)] — Ex~q[f (x)] + Dkr(ql[po) (2.27)

where P is the space of sampling distributions. The dual objective
in eq. (2.27) is closely related to the variational dual of f-divergences
(Csiszdr, 1972; Donsker et al., 1976) and can be optimized using a num-
ber of generative-adversarial-network-like (Goodfellow et al., 2014) methods.
These methods belong to a broad class of adversarial imitation learning
methods which we will introduce below. To introduce these methods, we
procede by giving an overview of distribution matching approaches.

2.3 DISTRIBUTION MATCHING

In this section, we introduce a number of mathematical tools to perform
distribution matching between state occupancy measures defined over
MDPs. This presents a unifying perspective on a number of imitation and
IRL methods that we investigate in the context of this work. By aligning
the distributions of state occupancies, we effectively ensure that the learned
policies not only mimic specific actions but also replicate the overall state-
visitation patterns of expert demonstrations. This approach bridges the gap
between purely behavior-cloning strategies and those that infer underlying
reward structures, enhancing both the efficacy and robustness of the learned
models.

2.3.1  Occupancy measures

We begin by describing the notion of state occupancy measures that we would
like to compare. Intuitively, the occupancy measure of a policy corresponds
to the stationary distribution induced by rolling out a policy 7r(a|s) using
dynamics (s, 2) and starting with initial state measure y. More formally,
a (discounted) state occupancy measure pj; : X — R is defined on the
appropriate measure space Q(X) where X € {§,§ x A, 8§ x A x S} as
follows:

p;f(s,a) =, . (477) Z'y (st =s,ar =a) (2.28)

where P(s; = s,a; = a) denotes the probability of the agent being in state
s and choosing action a at timestep t. The occupancy measure plays an
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important role in RL because of the following one-to-one correspondence
with the policy (theorem 2, Syed et al., 2008).

Theorem 2 ( Syed et al., 2008). Suppose p is the occupancy measure of 7t(a|s) =

%. Then, 7t is the only policy whose occupancy measure is p.

This correspondence between 7t and p; allows us to perform distribution
matching in the measure space for state occupancy by optimizing the policy
which induces the measure.

BELLMAN FLOW CONSTRAINT. The Bellman flow constraint describes
the evolution of the occupancy measure p(s,a) under the influence of a
policy 7t and dynamics T and constitutes a Bellman equation defined for
occupancy measures of an MDP.

p(s,a) = m(als)[(1 —7)po(s) + vp(so,a0) T(s0, a0)dsodao] p(s,a) > 0.
(2.29)

where yy denotes the initial state measure. It can be shown that the occu-
pancy measure p(s,a) is a unique solution to the Bellman flow constraint
(Syed et al., 2008)[Lemma 2]. This result defines the value function as the
following expectation:

V7i(s) = Ep[r(s)] (2:30)

In practice, we resort to the use of empirical measures defined over

samples from the occupancy measures we would like to compare. Formally,

for a sample of n transitions, {x;}i<,, x; € X drawn from an occupancy

measure p by rolling out a policy 7t over dynamics 7, the empirical measure
P associated with this sample is defined as:

1 n
Orr = n Zéxi (2.31)
i=1

where é,, represents the Dirac delta function centered at x;. The empirical
measure p is thus a probability measure that assigns a probability of % to
each observed data point.

2.3.2  Measuring discrepancy between distributions

We will now describe two classes of approaches that yield comparisons of
occupancy measures. The first class contains information theoretic diver-
gences called f-divergences (Csiszdr, 1972); the second class summarizes
integral probability metrics (IPM) (Sriperumbudur et al., 2009).
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FIGURE 2.1: Classes of f-divergences and integral probability metrics. The total
variation distance Dy is the only divergence measure that is both an
f-divergence and an integral probability metric.

INFORMATION THEORETIC DIVERGENCES One of the widely studied
classes of divergences between probability measures is the family of f-
divergences (Csiszar, 1972), defined as:

Folf ()] P=o

+o0 otherwise

D¢(P,Q) = (2.32)

where P < Q denotes that P is absolutely continuous w.r.t. Q.
Table 2.1 summarizes a number of statistical divergence measures broadly
known in literature with the corresponding convex functions f.

Divergence Function f(t) Definition

Kullback-Leibler  tlogt Dk (P||Q) = [ p(x)log Z—;)) dx
Jensen-Shannon  —logt+t—1 Djs(P||Q) = lDKL(PHM)—f—%DKL(QHM)
Hellinger (Vt—1)? Dy(P,Q) = 3 [(V/p(x) — q(x))?dx
Total Variation Flt—1 DTV(P Q) =13 [lp(x) —q(x)\ dx

x? Divergence (t—1)2 D,2(P,Q) = [ (e x;( )(X dx

TABLE 2.1: Variants of f-divergences for different convex functions f

The formulation in eq. (2.32) admits a variational dual representation
(Donsker et al., 1976):

Dy (pllg) = Eq [f(’;ﬂ > sup (Bylg(0)] — Eglf*5()))  (233)

g X—=R

where f* is the Fenchel dual of the convex function f.
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INTEGRAL PROBABILITY METRICS An alternative way to measure dis-
tances between probability distributions is the class of integral probability
metrics (Sriperumbudur et al., 2009), defined as:

vr(p,q) = sup [Ep[f] — Eq[f]| (2.34)
feF

By imposing different constraints on the function class F over which
the supremum is taken, various statistical distances known in literature
can be recovered. An overview is presented in table 2.2. We emphasize the
Lipschitz smoothness constraint because of its crucial role in introducing
the Kantorovich metric, an integral probability metric (IPM) that is closely
associated with the optimal transport formalism, which we will introduce
below. Formally, a function f : R" — R is said to be Lipschitz smooth
if there exists a constant L > 0 such that for all x,y € R", the following
inequality holds:

IVF(x) = Vfy)ll <Lllx -yl (2:35)
Metric Function Class Constraints F
Total Variation Distance F={f:|fllo <1}
Kantorovich Metric F =A{f:|IfllL <1}, Lipschitz functions
Maximum Mean Discrepancy F = {f : |||l < 1}, functions from RKHS H
Dudley Metric F=A{f:llflle <1,|IfllL <1},

bounded Lipschitz functions

TABLE 2.2: Integral Probability Metrics (IPM) and their function class con-
straints (RKHS denotes the Reproducing Kernel Hilbert Space)

Compared to f-divergences, IPMs exhibit a number of appealing proper-
ties such as metricity, improved estimator convergence rates and consistency
due the issues arising from support mismatch in the case of f-divergences
(Sriperumbudur et al., 2009).

Both f-divergences and IPMs have an innate relationship to binary classi-
fication problems (X. Nguyen et al., 2009; Sriperumbudur et al., 2009). This
connection is particularly useful in the context of learning from demon-
strations, as it allows us to formulate the distribution matching between
state occupancy measures as a two-player zero-sum game arising from the
min-max optimization objective. Table 2.3 provides an overview of the cor-
respondence between a number of optimal risk functions and the respective

21



22

BACKGROUND

f-divergences. In the case of IPMs, the margins of Lipschitz and bounded
Lipschitz classifiers are related to the Kantorovich and Dudley metrics as
follows (Sriperumbudur et al., 2009):

1 _Wipa) 1 vp(p.q)
<— <= (2.36)
£ £ 1Be
Risk Function and Formula f-Divergence and Formula
Squared Error Loss: E[(Y — Y)?] Squared Hellinger: H*(P,Q) = 1 [( \/7 \/7 2dx
Logarithmic Loss: —E[log p(Y)] Kullback-Leibler: DKL (P|Q) = fp log dx
Exponential Loss: E[e Y] Rényi: Dy (P[|Q) = L5 log [ p(x )1 « dr
Hinge Loss: E[max(0,1— YY)] Total Variation: Drv (P, Q) = 3 f |p x)|dx

Cross Entropy: —E[log p(Y)] + E[log4(Y)]  Jensen-Shannon: Djs(P||Q) = —DKL(PHM) + 3Dk (QIIM)

TABLE 2.3: Optimal risk functions and corresponding f-divergences

CONNECTION BETWEEN MAXIMUM LIKELIHOOD OF MAXIMUM EN-
TROPY PROBLEM AND DUAL OF f-DIVERGENCES As we can see in
table 2.3, the logarithmic loss corresponding to the maximum-likelihood
problem in eq. (2.24) is asymptotically equivalent to the minimization of the
KL-divergence Dk (p(x|0%)||p(x]0)) (Andersen, 1970). By leveraging the
dual form of f-divergences in eq. (2.33), we can rewrite the minimization of
Dir(p(x|6%)]|p(x]0)) in its dual form:

Dir(p(x]07)|[p(x[6)) = S (]Ep(x\(?*) [§(X)] = Epxpo)[f* (g(x))}) (237)

The corresponding KL-divergence representation is known as the Donsker-
Varadhan (Donsker et al., 1976) lower bound formulation of the KL-divergence
and is given as follows:

D (p(£16)1p(E16)) > sup (Epgjo[2(0)] — Epeip)[f*(3(6))]) (239)
g X—-R

- g:félf]R (EP(@‘\e*)[g(é)] —IOgIE,,(g‘G)[eS(C)]) (2.39)

The dual formulation of the maximum entropy problem in eq. (2.27)
corresponds to the entropy-regularized dual of the total variation distance
D1y (p,q) if the class of critic functions G is constrained to the following
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set of functions: g € {g: X = R, ||g||c < 1}. This results in the following
dual divergence objective:

Drv(pllg) = H s‘l‘lp 1 (Ep[g(8)] —Eq[g(8)]) (2.40)
8lle<

SOLVING SADDLE-POINT OBJECTIVE USING GANS. The saddle-point
objective in eq. (2.27) can be solved using the adversarial optimization
framework underlying the generative adversarial networks (GAN) (Goodfellow
et al., 2014) method. By leveraging the relationship of optimal risk functions
to divergence measures (X. Nguyen et al., 2009), a discriminator function is
defined to approximate the density ratio between the two measures. This
function is then trained using the standard binary cross-entropy loss applied
to the conditional label distributions corresponding to the two measures.
In the case of IRL, we can approximate the first expectation using samples
from the empirical expert measure as it is representative of the optimal
parameter distribution p(¢|60*). The second expectation is approximated
using a sampling distribution (Finn, Levine, et al., 2016). We choose the
sampling distribution g to correspond to the trajectory distribution in
eq. (4.2) under imitation policy 71, and MDP dynamics 7(s,a). The total
variation distance constitutes a special case of f-divergences in that it is
the only f-divergence measure which is also an integral probability metric
(Sriperumbudur et al., 2009; Devroye, 1985). By constraining the function
class accordingly, we can perform the optimization of eq. (2.27) in a similar
fashion to other adversarial imitation learning methods. Specifically, the
hinge loss is utilized as the classifier loss function.

2.3.3 Adversarial imitation learning methods

The GAN interpretation of the distribution discrepancy measuring func-
tions defined above describes a number of adversarial imitation learning
algorithms. Imitation learning methods strive to directly estimate a policy 7©
by learning from a dataset of demonstrations. A general imitation learning
objective can be defined as follows:

min d(pr, pr) (2.41)

where d : Q(X) x Q(X) — R is a function describing the discrepancy
between the expert occupancy measure pr and the occupancy measure p
induced by the policy 7.
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GAIL Perhaps the prototypical adversarial imitation learning method,
generative adversarial imitation learning (GAIL) (Ho et al., 2016) casts
the problem of learning an expert policy from demonstrations from a
distribution matching perspective. The method asymptotically realizes
the entropy-regularized Jensen-Shannon divergence between the empirical
expert occupancy measure and the policy occupancy measure by playing a
two-player zero-sum game similar to the game realized by GANs.

min (Dys(p, pr) + AH (7)) (2.42)

The discriminator gp : S x A — [0,1] tries to distinguish between tra-
jectories produced by the policy network and those by the expert, while
the policy network aims to generate trajectories that are indistinguishable
from the expert’s. The GAIL objective is stated as the following min-max
problem:

min max (Ex[log gp(s, a)] + Er [log(1 — gp(s,))]) (243)
where [E;; and [E;, denote the expectations over state-action pairs generated
by the policy and the expert, respectively.

AIRL  Adversarial Inverse Reinforcement Learning (AIRL) (Fu, Luo, et al.,
2018) mimics the optimization formulation of GAIL but imposes additional
constraints on the structure of the discriminator function. Specifically, the
discriminator function ¢p(s,a,s") : S x A x S — [0,1] has the following
form:

explity(s) + 704/ (5') ~ vy (5))
xpluy(s) + 725 (5) — 0r(5)) + 7(al5)

8D (S/ a, sl) = (244)

where 1y and vy are functions approximating the advantage and 7t is the
current state of the policy player. In contrast to GAIL, AIRL is considered
to be an IRL method, due to the fact that it recovers a stationary reward.
Specifically, Fu, Luo, et al. show that AIRL recovers the ground truth reward
function up to an additive constant.

2.3.4 Optimal transport

The optimal transport formalism allows the definition of a distance metric
between two densities defined on the appropriate measure spaces p € Q(X)
and o’ € Q(X).
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p(x) p(x)
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FIGURE 2.2: Comparison of information theoretic divergences (ITD) and op-
timal transport (OT) metrics in terms of how differences between
distributions are computed.

The original formulation dates back to (Monge, 1811), who, tasked with
finding the optimal way of transporting a pile of construction material from
the extraction to the construction site, introduced the famous earth-mover
problem. Figure 2.2 illustrates the difference in estimating the discrep-
ancy between two probability measures using f-divergences and using an
optimal transport map.

The Monge formulation of optimal transport is stated as follows:

Wy (p,p') = (T*(i;}f_p//xc(x,T(x))dP(xOp (2.45)

where ¢(x,y) : X XY — R is the measurable cost of moving a unit
of mass and T : X — ) denotes the transport map defining the push-
forward operator T, (-). The cost function c(x, y) plays a central role in the
OT formalism as it is representative of the underlying geometry of the
measurable space X’ over which the measure pairs p, o’ are defined.

UNIQUENESS OF MONGE SOLUTIONS The Brenier theorem (Brenier, 1991)
has established the uniqueness of the solution to eq. (2.45), contingent upon
specific conditions related to the measurable spaces and cost functions
associated with the compared measures. Its corollary states that for the cost
function ¢(x,y) = |x —y| and a convex function ¢ : X — R, the optimal
transport map is given by:

T"(x) = Vxg(x) (2.46)

25



26

BACKGROUND

The main issue with the Monge formulation of OT is the feasibility of the
constraint Ty (p) = p’, requiring a particular structure of the transport map
T. Moreover, the functional in eq. (2.45) is non-convex, making optimization
challenging (Santambrogio, 2015).

To overcome this issue, the Kantorovich formulation of optimal transport,
proposed by (L. V. Kantorovich, 1960), is a relaxation of the push-forward
constraints by allowing for mass splitting to occur during transport. As
a consequence, instead of computing a transport map T, a transport plan
v €T (p,p') is computed over the set of all couplings between the densities
p and p’, denoted T'(p, p’). For any p > 1, of the p-Wasserstein distance W,
is defined as follows:

Wyl = (int [ cuxiinmd)) G

veT(p,p')

A Al

When applied to empirical measures (g, p’), the Kantorovich primal OT
formulation results in the following linear program:

n
Lw(p,0) = min Clvsit Zv,] pjVj<n ZVij:F;/,‘ViSTn (2.48)
vel(pp') j=1

where C € R™*" is the pairwise cost matrix and v € R"*" the transport
plan.

By applying the entropic regularization on the transport plan, Cuturi,
2013 propose a computational method based on the Sinkhorn algorithm that
significantly speeds up the calculation of optimal transport solutions. This
method effectively balances the trade-off between computational efficiency
and the accuracy of the transport plan, making it feasible for large-scale
applications.

KANTOROVICH-RUBINSTEIN DUALITY The primal form of the OT prob-
lem outlined in eq. (2.47) has a variational dual formulation which avoids
the search over the coupling space I'(p, p’) between two measures, as this
search process can often be restrictive from both computational and memory
perspectives.

The duality (L. Kantorovich et al., 1958) states that the 1-Wasserstein
distance can also be expressed as:

Wi(PQ) = sup ‘ [ Fdp) = [ fdQs (2.49)

feLipy (X
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FIGURE 2.3: Illustration of increasing arrangements transport map in 1D. F(x)
denotes the cumulative density function (CDF) and F(x) the sample-
based approximation thereof.

where Lip, (X) is the space of all 1-Lipschitz functions on X'. As we have
seen previously in table 2.2, the Kantorovich metric belongs to the class of
IPMs. This formulation is used in generative models (Arjovsky, Chintala,
et al., 2017) and imitation learning (H. Xiao et al., 2019).

SLICED OPTIMAL TRANSPORT In the one-dimensional case, the Wasser-
stein distance in eq. (2.47) admits a closed form corresponding to the
increasing arrangements optimal transport map T(x) = (F, lo Fy)(x) (San-
tambrogio, 2015)

1
Walo,) = [ 1B () = By )Py (2:50)

where F,(-) and Fp_/l(-) are the cumulative distribution function (CDF)
and quantile (inverse CDF) function respectively. The sliced Wasserstein
distance SW»(p, p’) is defined as the integral over 1-dimensional random
slices defined via the Radon transform Rp(t,0) = [, p(x)d(t — (x,0))dx of
the density p(x):

SWalpp') = [, WalOup,0up))a0 (2.51)

In practice, the increasing arrangements OT map is very efficient to
compute for a pair of empirical measures p;, 0;. It is done by sorting the
samples of empirical distributions and calculating the total distance between
them. Figure 2.3 illustrates the mechanism for a pair of empirical measures.
We will make use of this property in chapter 5 to derive an imitation
learning method based on sliced Wasserstein distances.
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DYNAMICAL FORMULATION OF OPTIMAL TRANSPORT  Another way to
formulate the OT problem is by considering the dynamics of the measures in
the space of distributions endowed with the Wasserstein metric P (), W,).
The objective introduced by (Benamou et al., 2000) formulates the OT
problem as the minimization the kinetic energy of the mass moving along
the geodesic in P (2, W) over the time interval from t =0 to f = 1.

1
W2 (po, p1) =inf )2 (x, t)dtd .
(o pa) =int [ [ o(e ) p(x i (252)

s.t. 9tp + div(pv) =0
Pt=0 = Ho Ht=1 = M1

where (p,v) are solutions to the continuity equation d;p + div(pv) =
0. This formulation presents a duality to the Hamilton-Jacobi equation
91 + |V¢|? = 0 for v = V¢ (Gigli et al., 2020), given by the following
expression

[ 6,00 = [ ¢(,00do < 5 // jo(x, £)2o(x, Hdtdx  (253)

where ¢(x, t) denotes the time-dependent Kantorovich potential. This con-
nection is particularly interesting in the context of reinforcement learning
algorithms.

JkKo scHEME The celebrated Jordan-Kinderlehrer-Otto (JKO) (R. Jordan
et al., 1998) scheme presents a variational approach to solve the OT problem.
The JKO scheme demonstrates that the gradient flow of a Wasserstein func-
tional admits a variational formulation which yields an iterative solution to
a Fokker-Planck type of equations:

%)
5=~V (Fo) + V- (DVp)

where p is the probability density function, F represents the drift vector
field (often corresponding to forces acting on the particles), and D is the
diffusion tensor, which describes how quickly the probability spreads out
in space. The JKO scheme obtains solutions using the following iteration:

, 1
pre1 = argmin £(p) + - W (o, 1) (2.54)
pEQ(RY)

where £ is the energy functional and / the step size. This minimization
process systematically evolves the probability density p over iterations,
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leveraging the Wasserstein distance W2 (p, p;) to measure the cost of moving
from the current distribution p; to a new distribution p.

The tools derived from dynamical optimal transport (OT) offer a robust
and principled foundation that can be used to describe the time evolution of
state occupancy measures. Specifically, policy optimization can be viewed
as a variant of a Wasserstein gradient flow (R. Zhang et al., 2018).

2.4 CAUSAL INFERENCE

With the emergence of modern machine learning techniques that utilize
highly parameterized models, there has been a renewed interest in the chal-
lenge of developing models, which accurately reflect the causal structure.
This resurgence is driven by the growing recognition that causal inference
can significantly enhance the interpretability and effectiveness of predictive
models, especially in complex domains like healthcare, economics, and
social sciences. Consequently, techniques such as causal discovery algo-
rithms and structural causal models are being integrated with traditional
machine learning frameworks to not only predict outcomes but also to un-
derstand and quantify the underlying causal mechanisms. This integration
is promising for building robust models that can generalize better across
varied environments and potentially adapt more dynamically to changes
and interventions.

2.4.1 Structural causal models

Structural causal models are a class of directed probabilistic graph models
which describe a structured generative model of the observed data. They
form the basis for most graph-based causal inference approaches.

Formally, a structural causal model (SCM) (Pearl, 2009) is defined as
a tuple & = (S,P(e)), where P(e) = [T;<x P(¢;) is a product distribution
over exogenous latent variables ¢; and S = {fi, ..., fk } is a set of structural
mechanisms where pa(i) denotes the set of parent nodes of variable x; :=
fi(pa(x;),¢;) fori € |S|. & induces a directed acyclic graph (DAG) over
the variables nodes x;. The SCM entails a joint observational distribution
Pg = Tli<k p(xilpa(x;)) over variables x; conditioned on the parents of
x; for some probability distribution p(-|pa(x;)) describing the mechanism
fi. Interventions on & constitute modifications of one or more structural
mechanisms f; yielding interventional distributions Pg.
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FIGURE 2.4: Illustration of the Causal Invariance Principle. This diagram depicts
the consistent causal relationship between variables X and Y across
two different environments, E; and E,. Each environment influences
variable X, which in turn affects Y, demonstrating the principle
of causal invariance. The environments are shown as distinct but
maintain the same causal structure, underscoring the robustness of
the causal effect despite environmental changes.

2.4.2  Distribution shift robustness and causal invariance

In order to use the majority of causal inference methods such as (Pearl, 2009;
Peters, Janzing, et al., 2017), one requires explicit access to the SCM de-
scribing the joint distribution over the relevant variables. This requirement
rarely holds in practice due to a number of reasons including unobserved
confounders, complexity of the causal graph or lack of interventional data.
In general, identifying the causal graph structure from data is limited
to obtaining Markov equivalence classes of solutions, which limits the
applicability of these methods.

Over the recent years, the weaker concept of causal invariance (Peters,
Biithlmann, et al., 2015; Heinze-Deml et al., 2017) has gained traction. It
refers to the property that causal relations between variables remain con-
sistent across different environments or contexts. Its main appeal is that it
allows to bypass the estimation of a causal graph to identify certain causal
properties of the prediction or learning task. An illustration is provided in
fig. 2.4. In machine learning, causal invariance is sought after for building
robust models that generalize well across different datasets and real-world
scenarios. The pursuit of causally invariant features within data helps in
developing predictive models that are not only accurate but also reliable
under changing conditions.
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We will utilize this principle in chapter 4 to infer reward functions
which reduce their reliance on spurious correlations arising from diverse
demonstrations.

2.5 SUMMARY

In this chapter, we have given a broad overview of the fundamentals of
adaptive decision making when learning from demonstrations. We pre-
sented the distribution matching perspective as the central tool to perform
model-free optimization of decision making agents, shedding light on two
main mathematical tools: information theoretic divergences and integral
probability metrics. We gave an overview of different variants of optimal
transport methods, which are closely related to IPMs and provide a rich
mathematical framework to describe state occupancy matching. In order
to numerically solve problems posed by these frameworks, we presented
an adversarial optimization framework which allows to instantiate imita-
tion learning methods in practice. Finally we gave a short overview of the
principles of causal inference.
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FASTRL: SURGICAL ASSISTANCE PIPELINE

Homines, dum docent, discunt.
— Seneca

This chapter introduces FASTRL, an algorithmic pipeline for surgical
assistance based on reinforcement learning agents trained to distill expert
knowledge given by demonstrations. It features a benchmark set of instru-
ment manipulation tasks derived from the Fundamentals of Arthroscopic
Surgery Training (FAST) program. We have restructured this set of tasks to
support exploration of reinforcement learning methodologies. This adap-
tation is aimed at fostering the development of human-centric RL agents
tasked with assisting and evaluating human trainees in simulated surgical
environments.

In particular, we have adapted several key simulation tasks from the
FAST program to fit the reinforcement learning control loop that enables
the training of virtual agents. These agents are designed not only to solve
the tasks but also to enhance the training process of surgical trainees by
providing real-time feedback and evaluation. To this end, we have developed
a skill performance assessment protocol that leverages the capabilities of
these virtual agents, offering a structured and quantifiable measure of
trainee progress and skill acquisition.

We present several algorithmic baselines that apply both forward and
inverse reinforcement learning techniques to this setting. Additionally, we
explore customized heuristic reward structures tailored specifically for the
benchmark tasks, which are crucial for guiding the behavior of the RL
agents toward clinically relevant and surgically correct actions.

An extensive discussion on reward shaping is also included, highlighting
its critical role in eliciting surgically accurate behaviors within state-of-the-
art model-free reinforcement learning algorithms. Reward shaping, in this
context, proves to be indispensable for aligning the learning objectives of
the RL agents with the precise requirements of surgical procedures.

The proposed benchmark suite presents an API for training reinforcement
learning agents in the context of arthroscopic skill training. The evaluation
scheme based on both heuristic and learned reward functions robustly
recovers the ground truth ranking on a diverse test set of human trajectories.
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The presented benchmark enables the exploration of a novel reinforce-
ment learning-based approach to skill performance assessment and in-
procedure assistance for simulated surgical training scenarios. The evalua-
tion protocol based on the learned reward model demonstrates potential
for evaluating the performance of surgical trainees in simulation.

Overall, this chapter lays the foundation for a novel intersection of re-
inforcement learning and medical training, setting the stage for future
innovations that could transform how surgical training is approached,
optimized, and implemented.

3.1 INTRODUCTION

Training procedures of surgical residents heavily depend on accumulated
operative time to document proficiency. The limited availability of in-vivo
training opportunities, i.e., patient cases, can result in a suboptimal or even
deficient training process of surgical novices (Chiasson et al., 2003) with
far-reaching consequences. Surgical simulators provide training scenarios
which allow users to alleviate the bottleneck of low patient case numbers,
but often use rudimentary evaluation metrics such as total procedure time
and instrument path length to assess surgical performance of practitioners.
Intra-operative performance assessment (Stauder et al., 2017) plays a central
role in the question of how to evaluate a sequence of decision steps taken
by a surgeon. Furthermore, it also provides valuable feedback on how to
improve on a given surgical task both for trainees as well as for experienced
practitioners in continuing education.

In order to adapt the training process accordingly, we propose to model
the behavior of surgical trainees on simulator hardware in a principled
way by considering a sequential decision making agent interacting with a
surgical environment. This interaction is formalised by the reinforcement
learning (RL) framework. We envision a scenario where virtual agents
trained using RL and inverse RL methods are utilised to provide real-
time scoring and prediction of the trainees” performance as well as to
generate visual cues aimed at improving the performance or procedure
guidance. Inverse RL (IRL) methods are particularly appealing due to their
outstanding data efficiency and robustness to distribution shift (Ng, Russell,
et al., 2000) when compared to simpler imitation learning methods such as
behavioral cloning (BC). Contrary to commonly studied surgical robotics
settings employing RL (Tagliabue et al., 2020; Kazanzides et al., 2014), this
work primarily focuses on the study of training and evaluation signals
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characterised by a reward function that the agent receives on interaction
with the simulated environment.

The simulated environment is realised as a set of surgical tasks derived
from the Fundamentals of Arthroscopic Surgery Training (FAST) suite with
the purpose of training dexterous manipulation of arthroscopic instruments
by a surgical trainee. The FAST suite was designed in collaboration with
various orthopedic surgeon associations * and is implemented in Unity3D
by VirtaMed AG 2. The current work extends the existing implementation
to be compatible with an RL framework which enables the interaction of a
virtual agent with the simulation hardware. It has been shown (Cychosz
et al., 2018), that the training of fundamental skills involving dexterous
manipulation of instruments using the FAST suite improves the perfor-
mance of arthroscopic trainees in subsequent procedures. Hence, the FAST
framework provides a surgically relevant skill basis for the purposes of
simulated training. We demonstrate the utility of our algorithmic pipeline
by evaluating a diverse set of human recorded trajectories. The pipeline
also suggests a selection of scoring functions for surgical performance.

In this chapter, we develop the following scientific ideas and research
solutions:

* A configurable interface for the FAST surgical training simulation
(FASTRL) 3 which allows easy deployment of standard RL and inverse
RL algorithms. To our knowledge, this is the first benchmark aimed
at improving both evaluation and assistance of surgical training in
the context of RL, in contrast to robotic surgical environments.

* A new data driven approach based on expert demonstrations for eval-
uation of surgical skill performance using RL methods. We demon-
strate the effectiveness of this evaluation on datasets recorded by
experts and novice users of the simulation hardware.

1 ABOS, AAOS, AANA

2 virtamed.com, the environments are provided in binary format and accessible via the FASTRL
API

3 Fundamental of Arthroscopic Surgery Training using Reinforcement Learning (FASTRL). The
API and the executables for the presented environments are made public and are available
under: fastrl.ethz.ch. The executables are distributed under the CC BY-NC-ND license.
Video material and further details are available under the same URL.
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3.2 RELATED WORK

RL FRAMEWORKS FOR SURGICAL ROBOTICS. Automation of surgical
procedures holds promise of improving the surgical outcome, and hence,
defines a long standing goal in robotics for medicine. A number of bench-
marks have previously been proposed which allow to perform the training
of RL agents in a surgical robotics setting. In particular, the daVinci Re-
search Kit (dVRK) (Kazanzides et al., 2014) has been adopted as a popular
platform by the surgical community. In (Tagliabue et al., 2020), the use of
RL is demonstrated for manipulation of soft tissues using a robot arm. The
authors of (Pore et al., 2021) demonstrate the use of an adversarial imitation
method (Ho et al., 2016) in the context of surgical soft-tissue retraction
using the dVRK platform (Kazanzides et al., 2014). The authors of (Xu et al.,
2021) propose an open-source platform simulator to replicate a series of
manipulation tasks using the dVRK telerobotic platform that is specifically
geared towards robotic learning. In contrast to previous work focused on
training robotic policies, our benchmark design specifically suggests a sce-
nario of surgical teaching assistance of human trainees. Furthermore, in our
approach, we explicitly propose to use the reward function recovered via
IRL methods for the purposes of trainee evaluation and guidance.

SURGICAL SKILL ASSESSMENT USING ML METHODS The use of ma-
chine learning for the analysis and performance of surgical procedures has
previously been explored in robotic surgery (Lam et al., 2022; Kassahun
et al., 2016; Garrow et al., 2021), where both kinematic and visual data is
readily available at procedure time. The demonstrated approaches typi-
cally apply various forms of supervised learning methods which exhibit
a trade-off between how expressive models are and how many labeled ex-
amples they require for training. A number of methods ranging from score
regression to deep neural network based classification and segmentation
of surgical procedures from videos have been presented in the literature
(Lavanchy et al., 2021; D. Liu et al., 2021). Typically, surgical skills are
assessed post-operatively with data recorded during the procedure.

Contrary to established approaches, our system provides a dynamic real
time assessment of the surgical performance in simulated tasks as well as
real time feedback which can be queried by the trainee in the course of a
procedure.
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In this section, we motivate the design and development of the FASTRL
set of tasks by presenting (i) the algorithmic pipeline for surgical training
assistance and (ii) the realization of the FAST suite as an RL benchmark.

3.3.1 Simulated surgical training scenario

Arthroscopic surgical skills training in a computer simulation provides a de-
manding and scalable setup to investigate an educational training scenario
for medical interventions. The trainee is challenged with a number of basic
instrument handling tasks which are performed in an augmented reality
(AR) simulator. The instruments, typically consisting of an arthroscope, a
palpation hook and a grasper, are inserted into the half-dome structure
through portals and the output of the arthroscopic camera is simulated on
a screen (fig. 3.2) depicting the surgery environment. The simulated setting
has a number of benefits, including potentially unlimited interaction capac-
ity between the trainee and the surgical environment as well as access to a
variety of data modalities for analysis purposes, that are often difficult to
obtain in real world settings with patients. We aim to enhance the simulated
training scenario with evaluation and assistance based on the formalization
of the interaction between simulator and trainee as an RL problem.

3.3.2 RL formalism

We model the simulation environment for surgical procedures as a Markov
decision process (MDP) M = (S, A, T, Py, R), where S is the state space, A
is the action space, 7 : S x A — § is the transition function, Py is the initial
state distribution, and R : § x A — R is the reward function. A policy
m:S — Ry,s — 7(als) is a conditional probability distribution of actions
a € A given states s € S with state features ¢(s).

In the inverse reinforcement learning (IRL) setting, the reward is unknown
and a suitable parametric reward function ry is estimated based on a dataset
of expert trajectories Dp = {(;}i<x where ; = (sgl)T,agl)T) is a sequence of
states and actions of expert i of length T. To achieve this goal, various
distribution matching methods can be used (Ho et al., 2016; Fu, Luo, et al,,
2018; Ziebart, Maas, et al., 2008). Under the assumption of fixed transition
dynamics 7, the reward function defines a succinct representation of the
task to be performed and it elicits desired behaviors guided by RL algo-
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rithms (Ng, Russell, et al., 2000). In the context of a simulated environment,
this learning control enables reward functions to serve as a central part of
evaluation schemes for human trainees.

Expert Data IRL via density matching
Record expert @ E, .+ [£(s,a)] = Eq-[f(s, a)]

Estimate
State

Density Infer Reward

Agent Data
Sample policy @

Simulation IRL Loop

FIGURE 3.1: Algorithmic pipeline for surgical assistance: a handcrafted reward
heuristic allows the training of the agent, forming the RL loop. The
recorded trajectories (synthetic or human) are then used as an input to
the inverse RL algorithm which enables recovery of a reward function
based on state density matching between the expert and the learning
agent (IRL loop). The resulting reward and policy are then utilised for
training assistance.

We consider two learning modalities in our pipeline:

¢ Forward RL: model-free RL methods based on reward heuristics de-
signed by human experts.

¢ Inverse RL: inverse setting where the reward function is directly
inferred from a set of expert demonstrations.

In the first modality, we define heuristic reward functions that enable
training of virtual agents to learn the completion of benchmark tasks. The
benchmark tasks require a level of sophistication which depends on the
design of multiple reward components in order to elicit correct behaviors.
This modality enables the training of agents which learn to mimic surgical
behavior via the definition of a suitable reward function and implementa-
tions of standard model-free RL methods. This modality mainly intends
to explore the underlying search space of surgically correct procedures
by specifying heuristic evaluation schemes. It can also enable experts to
generate virtual agents by specifying a set of preference weights for the
behavioral components of the heuristic reward function via the provided
APL

In the inverse modality, an extrinsic reward function is not explicitly
defined; instead, a reward function is inferred from the union set of the
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recorded expert demonstrations on the respective task. This modality di-
rectly allows users to be evaluated with respect to a learned reward function,
as opposed to a hand-designed heuristic. The combination of these two
modalities allows us to obtain a reward, value function tuple (ry, Vy). The
policy 7y, is then trained to optimise ry derived from a set of expert
demonstrations D,.

Both the policy and the reward function can be utilised as feedback mech-
anisms for human learners. These functions support real time contextual
evaluation of the trainee’s performance as well as a quantitative prediction
of the procedure outcome respectively.

In addition, the trainee can query the virtual agent policy at any point in
the procedure to generate a demonstration of the next steps based on the
current trainee state using the simulated dynamics. This assistance modality
is illustrated in fig. 3.3.

In order to explore this setting, we propose a standard RL benchmark
set to train virtual agents aimed at surgical assistance of arthroscopic
procedures. An example pipeline consisting of forward and inverse RL
algorithms is illustrated in fig. 3.1.

3.3.3 Benchmark environment

We use the Arthros®FAST (Fundamentals of Arthroscopic Surgery Train-
ing) simulator implemented in Unity3D and provided by Virtamed AG to
evaluate the RL pipeline. The simulation provides a number of educational
navigation and manipulation tasks that have to be performed within a hol-
low dome structure (Sawbones®FAST workstation) in accordance with the
FAST (Fundamentals of Arthroscopic Surgery Training) training problem 4.
We consider three tasks for our benchmark environment: (i) image centering
and horizoning (ImageCentering), which trains basic endoscope manipula-
tion and monocular depth estimation, (ii) periscoping (Periscoping), which
trains the use of angled optics and (iii) line tracing (TraceLines), which
trains steady instrument movement. The tasks consist of guiding the tip
of the virtual arthroscope to various locations marked by an avatar that
displays visual cues. The trainee or the virtual agent pursues the goal of
orienting the arthroscope in such a way that it complies with the cues and

4 developed by American orthopaedic associations ABOS (American Board of Orthopaedic
Surgery), AAOS (American Academy of Orthopaedic Surgeons) and AANA (Arthroscopy
Association of North America)
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that it centers the image of the avatar in the field of view of the endoscope
camera.

FIGURE 3.2: Benchmark environment tasks: (i) ImageCentering (ii) Periscoping
(iii) TraceLines. The avatar highlighted in green displays visual cues
to guide the training agents. The cues are encoded as part of the
heuristic reward structure used for forward RL training.

MDP FORMULATION In order to solve the tasks using the RL frame-
work, we formalise it as the following continuous control problem: a state
s¢ in the continuous state space S is defined as the concatenation of the
three-dimensional position x{"" and rotation quaternion Q2" of the arthro-
scope as well as the respective time derivatives x"" action space and
Qarth - Additionally, we provide the position and rotation of the target
avatar x:gt, Q:gt as well as the cross-product between the forward vector
of the arthroscope camera and the forward vector of the avatar transform
) (arth’tgt), which describes the alignment between the arthroscope camera
and the avatar. The full state specification is given as the following tuple:
s = (x?rth, Q?rth, X?rth, X?rth, Q’?rth, X:gt, Egt, “;(arth,tgt)) € S. We propose
two versions of the action space. The seven-dimensional continuous action
space A consists of stacked acceleration and angular acceleration vectors as
well as the light cable rotation angle w, of the arthroscope, which realises
an independent camera angle control a; = (X;, (jﬁt,wc) € A. The alternative
five-dimensional discrete action space Ay is defined as the translation of the
arthroscope along its axis x;, changes in pivoting angle around the portal
Awy, ABy, rotation around the translation axis Ad, and the rotation of the
camera w,. The transition function f(s¢,a;) € T is implemented by the Unity
physics engine, which simulates the friction coefficients of the arthroscopic
entry point. The physical interaction is deterministic for most use cases.

REWARD SHAPING Eliciting successful behavior crucially requires a cor-
rect specification of the reward. During the procedure, the simulation
provides visual avatar cues to the agent which specifies a sparse reward
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scheme. In order to increase the sample efficiency of the training process,
we additionally define a dense linear reward. The heuristic reward func-
tion Fheur = W ¢(s;) is defined as a weighted sum of the reward features
¢(s;) 5. The reward features and corresponding reward weights are con-
figurable at runtime and are exposed to the user. In particular, this allows
the experimentalist to explore the generation of behaviors based on various
combinations of reward features as well as multi-objective optimization
methods.

FIGURE 3.3: Assistant illustration. (a) path suggestion (green line) based on per-
formed trajectory (yellow line) in the FAST dome with reward poten-
tial around target (star), (b) path suggestion from camera POV, (c)
color cue for the trainee’s current state.

3.3.4 Learning algorithms

The virtual agents are parameterised using an actor-critic architecture
which consists of the policy function 77y and either the value function Vj(s)
(on-policy) or state-action value function Qg,(s, a) (off-policy). Vi (s) approx-
imates the discounted empirical returns V(s) = ¥;<7 9'r(s) obtained on
rollouts of the policy. The agents are trained employing a variant of the prox-
imal policy gradient (PPO) (Schulman, Wolski, et al., 2017) algorithm. When
learning from human trajectories, we utilise an off-policy algorithm, soft
actor-critic (SAC) (Haarnoja et al., 2018), for purposes of sample efficiency.

To solve the inverse RL problem with maximum entropy regularization
as outlined in section 3.3.2, we utilise the adversarial imitation learning
approach (Ho et al., 2016).

Adpversarial inverse RL (AIRL) methods yield a reward function by learn-
ing to distinguish between the transitions sampled from the dataset of
expert trajectories ¢ ~ Dg and transitions continually sampled from the
rollout buffer of the improving policy ¢ ~ D. The policy 71y maximises an

5 A detailed overview of the features is provided in the appendix
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expected cumulative reward objective based on the discriminator output.
The discriminator is optimised using the binary cross-entropy loss. We
utilise both the standard discriminator structure described in (Ho et al.,
2016) as well as the shaped structure from (Fu, Luo, et al., 2018) which
separates into the state dependent reward function ry and the state depen-
dent shaping term. The reward function specifically is used for downstream
evaluation of novel trajectories. The off-policy formulation additionally neces-
sitates two algorithmic additions. The first is spectral norm regularization
(Yoshida et al., 2017), a method which enforces the Lipschitz smoothness
of the discriminator and stabilises the adversarial training procedure. The
second is a modified sampling procedure for discriminator training, only
utilising samples from the current policy rollout as opposed to mixture
policy samples from the replay buffer. We demonstrate the impact of these
additions in the experimental section.

3.4 EXPERIMENTS

The algorithmic pipeline for surgical assistance (fig. 3.1) allows us to per-
form an evaluation of human demonstrations using heuristic and learned
rewards. In this section, we demonstrate its applicability on a test set of
human trajectories gathered using the simulator. Furthermore, we measure
the performance of various state-of-the-art methods in forward and inverse
RL to illustrate the learning complexity of the benchmark tasks.

3.4.1 Learning from demonstrations

In the first set of experiments, we demonstrate the ground truth task per-
formance of the algorithms used to recover the reward and value functions
on the proposed benchmark suite.

We obtain the demonstration set by sampling trajectories from the best
performing policy trained using the heuristic reward formulation described
in section 3.3.3. In fig. 3.4 we observe that inverse methods (GAIL, AIRL)
converge to the desired solution faster for the Periscoping and TraceLines
tasks than the forward RL method (PPO) but require more time to con-
verge to the optimal solution in the ImageCentering case. This behavior
can be attributed to the degree of alignment between heuristic reward
components and state space specification, which varies across tasks, making
ImageCentering easier to solve in the forward learning scenario (PPO). Fur-
thermore, the IRL method (AIRL) outperforms the pure imitation learning
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method (GAIL) in the Periscoping task. The discrepancy between GAIL
and AIRL is ascribed to different divergence measures realized by the
algorithms. Furthermore, the smaller number of parameters of the GAIL
discriminator may explain faster initial convergence. Both policies trained
using the forward RL method (PPO) and the ones obtained via inverse
methods (GAIL, AIRL) can be used to generate trajectory suggestions in
the assistance setting. The exact hyperparameters and experimental settings
can be found in appendix A.2.

ic pe tl
100.0%
83.3%
66.7% GAIL
50.0% —=— AIRL
—— PPO
33.3%
16.7%
0.0%
r T T 1 r T T 1 r T T 1
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M. Timesteps M. Timesteps M. Timesteps

PercentageTasksCompleted

FIGURE 3.4: Comparison of forward and inverse RL experiments: median of
percentage of tasks completed for ImageCentering (ic), Periscoping
(pe) and TraceLines (tl) environments.

In addition to evaluating the pipeline using synthetic demonstrations
sampled from a policy trained on heuristic reward, we learn a policy
and reward function from a set of human trajectories recorded using the
keyboard and mouse user interface in the FASTRL APIL. We perform the
evaluation on the TraceLines task. In fig. 3.5 we can observe, that in order
to attain sample efficient training and successfully complete all subtasks,
the algorithmic modifications outlined in section 3.3.4 are necessary.

3.4.2 Performance evaluation

In this section, we evaluate two sets of human trajectories using the reward
and value functions obtained by both AIRL and GAIL algorithms as scoring
functions. The first set of trajectories consists of three novices (io, mk and
mv) and two expert practitioners fm and an. These trajectories have been
recorded using the physical hardware platform®. The second set of trajec-
tories has been recorded using the keyboard-mouse interface and features
three distinct skill levels defined based on the percentage of completed
subtasks.

6 We defer the details of data gathering procedure to the appendix.
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FIGURE 3.5: Ablation experiments for off-policy version of the presented algo-
rithms: number of tasks completed for the TraceLines environment.
The label nouct denotes the use of samples from entire replay buffer
for specification of the density matching objective, nosn corresponds
to the removal of spectral normalization of the discriminator.

In table 3.1, we observe that both normalised value function and reward
function recover the correct ranking among the five sets of trajectories. The
learned reward and value functions are consistent with both the heuristic
reward baseline as well as the trajectory length metric used in the simulator
as the standard evaluation option. In fig. 3.6, we plot the spatial x and y
components of the states evaluated using the learned value functions. We
observe a clear distinction between the novice and expert practitioners with
the expert agent outperforming the human expert in terms of the score. In
fig. 3.7, we show a comparison of the agents from fig. 3.6 in terms of the
deviation from the expert agent reference over the course of the procedure.
Again, a clear distinction between the skill levels of agents is observed. The
distinction is consistent with respect to the ground truth level of expertise
of the agents.

Table 3.2 summarises the results obtained on the reward learned on
human trajectories. We observe a similar result in terms of the recovered
ranking. The validation of learned reward functions remains an open ques-
tion. Evaluation of synthetic policies typically relies on rollout performance
on the ground truth reward, which is not directly applicable to the setting
of human evaluation due to lack of a ground truth metric which would
capture all relevant aspects of the behavior.
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FIGURE 3.6: Trajectory projection comparison for the Periscoping task (XY co-
ordinate plane). Colors indicate the normalised value output by the
learned evaluation function on the full states of the recorded tra-
jectories. The star symbol indicates the start and end point of the
trajectory. The color transparency (alpha) value encodes the time the
agents spend in the evaluated states. Expert Agent outperforms human
subjects. Expert human subject has a shorter and smoother trajectory
compared to the novices which is reflected in the accumulated reward.
The demonstrations were all recorded under the same conditions,
from the same starting point. The end point might be different as
different agents have different ways of solving the task.

Agent ID Ty Vo Theur Trajectory length
fw 099340004  0.87610076  0.99910.0002 1600.6-971.0
fm 0.73240019  0.728:0016 0.742 10,016 1821.511048
an 0-720t0.042 04716i0_040 O.729i0.039 1929<2i277,4
mk 0.61710117  0.62710121 0.63410.106 2578547458
mv 051810004 0.52110004 0.529 40,095 3313.5.4665.5
io 0.37410271  0.33910249 0.38410278 4290.8 11981

TABLE 3.1:

Trajectory scores (heuristic and learned rewards and values) for human
(fm, an, io, mk, mv) and virtual (fw) agents on the Periscoping task.
Here, ry denotes the learned reward, Vi the learned value and 7y,
the reward heuristic.
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FIGURE 3.7: Comparison of deviation from the optimum by the expert and
novice agents over the course of procedure. The error is integrated
for every percent of procedure completed.

Subject Ty Vo Theur Trajectory length
Expert 0.79+020 0911005 0910035 2928.21167.67
Intermediate 0.30+0.03 0.64.10.02 0.5540.022 2126.0£90.48
Poor 01740035 0.3310035 02340027 1111.2412237

TABLE 3.2: Normalised trajectory scores for human trajectories (heuristic
and learned rewards and values) Expert, Intermediate and Poor on
TraceLines task.

As future work, validation by an independent expert using standardised
evaluation protocols (Melina C. Vassiliou et al., 2005a; Goh et al., 2012)
could be explored to assess the validity of the proposed evaluation metrics.

3.4.3 Extension to laparoscopic setting

In this section, we provide a demonstration of the proposed method on a
more challenging task, the diagnostic tour of the abdomen performed by
surgeons in the context of laparoscopic surgery. The task goal consists of
visualising a fixed sequence of anatomical landmarks in the abdominal area.
The simulated version of this task is realised using a simplified version of the
VirtaMed Laparos® 7 hardware platform. The main goal of this experiment
is to demonstrate the applicability of the algorithmic pipeline described in
fig. 3.1 to a more sophisticated surgical task, which features a larger cohort
of demonstrations. In particular, this task features both realistic textures as
well as significantly more complex anatomical constraints inherent to the

7 https://www.virtamed.com/en/products-and-solutions/simulators/laparos
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Model Reward-Dst. (p) Reward-Sft. (p) Value-Dst. (p) Value-5ft. (p)

GAIL 0.73%0.03 (0.00) 0.25%+0.02 (0.01) 0.78+0.01 (0.00)  0.2430.01 (0.02)
AIRL -0.82+0.01 (0.00)  -0.25+0.01 (0.01)  0.80+0.00 (0.00)  0.2430.00 (0.02)

TaBLE 3.3: Correlation coefficients (p-values in brackets) between laparoscopic
trajectories evaluated using recovered rewards and two ground truth
metrics (Dst: total instrument distance and Sft: total safety distance).

abdominal area. Due to the more challenging nature of the full diagnostic
tour, we use a subset of the tour which focuses on visualizing both liver
lobes and the falciform ligament. Furthermore, we restrict the state space
of the MDP S C R3 to correspond to the position of the endoscope camera.

We evaluate the scoring functions obtained using the proposed method
on a selection of human trajectories recorded as part of a surgical proficiency
course 8. We train our method using 10 trajectories, which were rated best
using the internal heuristic score provided by the simulator. We use two
ground-truth metrics: (i) the economy score: the total distance covered by the
endoscope camera within the abdominal cavity and (ii) the safety score: the
sum of the Euclidean distances between the endoscope camera position and
the closest anatomy vertices.

We evaluate a total of 100 trajectories using the recovered reward and
value functions from both GAIL and AIRL formulations and summarize the
results in fig. 3.8 and table 3.3. We can observe a strong correlation in terms
of the Spearman rank correlation coefficient between both the recovered
reward function and the ground truth metrics as well as the recovered value
function and the ground truth metrics. The total instrument path length
metric is strongly correlated with both the learned reward and the learned
value. The safety metric exhibits a weaker correlation which is significant
according to the observed p-values.

3.5 HARDWARE PLATFORM

The hardware platform that serves as basis for the RL benchmark is the
VirtaMed FAST simulator as shown in fig. 3.9. The simulator consists of
a hollow dome structure with instrument entry portals for a selection
of arthroscopic surgical tools (scope, hook, grasper). The output of the
virtual arthroscopic camera as well as an optional third-person view of

8 Details are provided in Appendix A.2
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FIGURE 3.8: Laparoscopic trajectory evaluation. The left figure depicts the part
of the anatomy to be visualized (liver lobes and falciform ligament)
and corresponding trajectories. The plots on the right illustrate the
trajectory scores and correlations w.r.t. ground truth metrics (V-D:
Value-Distance, V-S: Value-Safety).

the dome structure are simulated on screen. The evaluation dataset for the
performance ranking experiments (section 3.4.2) has been recorded using
the hardware platform. Figure 3.10 depicts Laparos, the simulator platform
adapted for laparoscopic surgery, which was used to record the expert and
user demonstrations in section 3.4.3.

36 ADDITIONAL RESULTS

This section provides additional results obtained using the algorithmic
pipeline in fig. 3.1 and partially described in section 3.4.1.

3.6.1  Ablation study on reward components

In this set of experiments, we demonstrate the dependence of the forward
RL methods on the reward shaping scheme. Due to the intricate task struc-
ture which includes a combination of multiple optimization objectives, we
introduce a number of additional reward components in order to improve
the sample efficiency of the algorithms solving the tasks. We perform an
ablation study on the reward components as shown in fig. 3.11 for the three
tasks in order to demonstrate the necessity of reward shaping. The evalua-
tion is carried out using the on-policy version of the policy algorithm (PPO).
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FIGURE 3.10: VirtaMed FAST (left) and Laparos (right) simulation platforms.

The five ablation settings comprise the baseline reward structure (baseline),
the removal of distance and angle potentials respectively (noDist, noAngle,
noDistNoAngle) and the sparse reward setting where a reward is only given
if the target is visualised correctly (onlyTaskCompleted). The plots report
the median of tasks completed over 5 randomly seeded repetition exper-
iments per ablation setting. We can observe that potential based reward
shaping on both Cartesian and angular components is crucial to obtain
a policy which solves all targets successfully. We can observe a similar
behavior on the Periscoping task. In the case of TraceLines, the gradation
is less distinct due to the specifics of the task. The visual components of the
reward are statistically more prevalent in the TraceLines task and allow
for a more dense reward structure also in absence of the distance and angle
penalties. The sparse reward signal (onlyTaskCompleted) fails to solve a
single target.

Percentage TasksCompleted
8
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FIGURE 3.11: Ablation experiments: number of tasks completed for
ImageCentering (ic), Periscoping (pe) and TracelLines (i)
environments.
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3.7 DISCUSSION

In this chapter, we have presented FASTRL, an RL benchmark for training
virtual assistant agents in the arthroscopic surgery domain. We have in-
vestigated the performance of a number of state-of-the-art forward and
inverse RL approaches and illustrated a prototypical solution to a surgical
evaluation and assistance framework for arthroscopic procedures using
model-free RL techniques. We have performed a feasibility study using our
API extension of the simulation software provided by VirtaMed AG.

LIMITATIONS Currently, the benchmark is limited to a subset of the
tasks available as part of the FAST training program. More sophisticated
scenarios involving additional instruments such as the palpation hook or the
grasper that provide additional complexity to the trainees are conceptually
equivalent to the presented tasks, but worthy of further investigation. In
its current form, the pipeline has solely been evaluated on kinematic data
but the possibility exists to train image-based models on the rendered
arthroscope camera images.



LEARNING CAUSALLY INVARIANT REWARD
FUNCTIONS FROM DIVERSE DEMONSTRATIONS

The first principle is not to fool yourself — and you are
the easiest person to fool.
— Richard Feynman

This chapter delves into the first significant methodological enhancement
to the algorithmic pipeline introduced in chapter 3. As we have discussed
earlier, inverse reinforcement learning methods are designed to infer the
reward function of a Markov decision process from a dataset of expert
demonstrations. The inherent challenges associated with these demon-
strations —-namely their scarcity and the heterogeneity of their sources —
often result in the learned reward function capturing spurious correlations
present in the data. Such issues can significantly distort the reward func-
tion’s fidelity. This adaptation frequently leads to behavioral overfitting
when a policy, trained on the derived reward function, is subjected to shifts
in environmental dynamics. Such overfitting manifests as policies that per-
form well on training distributions but poorly when transferred to new,
unseen environments.

In response to these challenges, this chapter proposes a novel regulariza-
tion technique for IRL that is grounded in the principle of causal invariance.
This principle aims to enhance the generalization of the reward function
across different contexts by mitigating the influence of spurious correla-
tions. We explore how incorporating this causal invariance into both exact
and approximate formulations of IRL can help in developing more robust
reward functions.

By applying this regularization approach, we demonstrate that it is
possible to achieve superior policy performance. Specifically, when policies
are trained using the refined reward functions and then transferred to
different settings, they exhibit enhanced adaptability and effectiveness. This
chapter provides both theoretical insights and empirical evidence to support
the efficacy of our proposed approach.
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4.1 LEARNING REWARDS FROM DIVERSE DEMONSTRATIONS

In the domain of reinforcement learning, the formulation of a suitable
reward function plays a pivotal role in shaping the behavior of decision
making agents. This is commonly justified by the widely adopted belief that
the reward function is a succinct representation of a task goal in a given
environment specified as a Markov decision process (MDP) (Ng, Russell,
et al., 2000). Eliciting the correct behavioral policies via the optimization of
a reward function is of paramount importance for the deployment of RL
agents to real world domains such as various robotics scenarios (Billard
et al., 2008; Pomerleau, 1991) or expert behavior forecasting (Kitani et al.,
2012). However, the challenge of designing such a function typically entails
a cumbersome and error-prone process of handcrafting a heuristic reward
signal which accounts for all the intricacies of the task at hand.

Inverse reinforcement learning (IRL) methods aim to solve the problem
of inferring the reward function of an MDP based on a dataset of temporal
behaviors. These trajectories are typically obtained from an agent that
is assumed to demonstrate near-optimal performance in the respective
MDP. There are multiple benefits to learning an explicit reward function
compared to alternatives such as behavioral cloning (Pomerleau, 1991) or
other imitation approaches (Ho et al., 2016; Fu, Luo, et al., 2018) including
the the ability to transfer the reward function across problems and enhanced
robustness to compounding errors (Swamy, Choudhury, J. A. Bagnell, et al.,
2021).

The IRL problem is challenging due to a number of factors. The problem
of recovering the reward from the statistics of the expert trajectories is
generally ill-posed, as there typically exist many reward functions which
satisfy the optimization constraints (Ng, Harada, et al., 1999). While this
property is effectively tackled by regularization in the form of a maximum
entropy objective (Ziebart, ]. A. Bagnell, et al., 2010; Ziebart, Maas, et al.,
2008), scaling IRL to large scale problems remains a challenge requiring a
variational formulation dependent on non-linear function approximation
methods (Fu, Luo, et al., 2018; Finn, P. Christiano, et al., 2016). Since the
amount of available expert data is typically limited, this can lead to over-
fitting phenomena, which are particularly pronounced in high capacity
models such as neural networks (Ying, 2019). This type of observational
overfitting has been shown in the context of forward reinforcement learning
(Song et al., 2019). An additional difficulty arises when there is a significant
discrepancy between expert demonstrations originating from different ex-



4.1 LEARNING REWARDS FROM DIVERSE DEMONSTRATIONS

perts. Adversarial imitation methods fail to recover accurate behavior from
diverse experts as shown in (Li et al., 2017), since such learning results in
ambiguities when inferring reward functions. We show that pooling expert
demonstrations in one dataset under the same label introduces spurious
correlations which are absorbed in the representation of the reward function.
By optimizing the expected cumulative reward defined by such functions,
the agent might fail to learn meaningful behaviors due to optimization of
the spurious correlations present in the reward model.

In order to circumvent this issue, we consider causal properties of the re-
ward learning problem. The causal invariance principle (Peters, Bithimann,
et al., 2015; Heinze-Deml et al., 2017; Arjovsky, Bottou, et al., 2019) studies
the generalization problem of supervised learning models through the lens
of causality. It postulates that the conditional distribution of the target
variable must be asymptotically stable across samples obtained under obser-
vational and interventional settings of the data generating process. By only
considering causally invariant representations of the input, this ensures
avoiding the reliance on spurious correlations in the model predictions. We
propose to adapt this principle for the context of reward function learning,
where we aim to elicit behavioral policies without exploiting spurious re-
ward features, i.e. features which would prevent the reward from providing
a meaningful policy training signal under distribution shift. To achieve this
goal, we make the assumption that variations in expert demonstrations
are a product of causal interventions on the data generating process of
trajectories and the optimality label conditional must be stable for experts
demonstrations gathered on a specific task. By applying the causal invari-
ance principle under this assumption, we show that we can recover reward
functions which are invariant w.r.t. certain types of distribution shift across
a population of experts.

CONTRIBUTIONS. Our contributions are as follows: (i) we formulate the
assumption that the variations between experts that are considered to per-
form near-optimally on the same task can be seen as interventional settings
of the underlying trajectory distribution; (ii) we propose a regularization
principle for inverse reinforcement learning methods based on the princi-
ple of causal invariance. This modelling choice allows us to learn reward
functions that are invariant to spurious correlations between the transitions
and optimality label present in the expert data; (iii) we demonstrate the
efficacy of this approach in both tractable, finite state-spaces, which we refer
to as the exact setting as well as large continuous state-spaces, which we
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denote as the approximate setting. In the first setting, we visually analyze
the recovered reward functions and verify their invariance properties w.r.t.
the input data. In the second setting, we demonstrate improved ground
truth performance when a policy is trained using the regularized reward in
MDPs with perturbed dynamics.

4.2 METHOD

In this section, we outline the proposed method. Section 4.2.1 presents the
problem setting of learning rewards in the maximum entropy IRL setting
(Ziebart, Maas, et al., 2008) in both primal and dual form and reviews
the connection to a class of adversarial optimization methods based on
f-divergences chosen as a numerical solution strategy for the problem. In
section 4.2.2, we describe how spurious correlations arise in the context of
the IRL problem and review the causal invariance principle. Section 4.2.3
shows how to incorporate this principle in the context of reward learning
as a regularization strategy.

4.2.1  Problem setting

We begin by giving an overview of the problem setting. We consider envi-
ronments modelled by a Markov decision process (S, A, T, o, R, v), where
S is the state space, A is the action space, T is the family of transition dis-
tributions on S indexed by S x A with p(s’|s, a) describing the probability
of transitioning to state s’ when taking action a in state s, y is the initial
state distribution, R : S x A — R is the reward function and y € (0,1)
is the discount factor. A policy 7 : S x A — O, (s,a) — m(als)" is a map
from states s € S to distributions 77(-|s) over actions, with 7(a|s) being the
probability of taking action 4 in state s.

In absence of a given ground truth reward function, inverse reinforcement
learning methods aim to estimate a suitable reward function based on a
dataset of expert trajectories D = {;}i<x where ¢; = (sgl:)Ti,agl:)Ti) is a
sequence of states and actions of expert i of length T;. To achieve this goal,
a number of methods based on distribution matching may be used. Such
methods typically minimize a divergence measure (Csiszdr, 1972) between
the expert trajectories and the trajectories induced by a policy optimizing
the estimated reward.

1 () denotes the set of probability measures over the action space
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We begin by presenting the maximum entropy IRL (MaxEntIRL) (Ziebart,
Maas, et al., 2008) method, which serves as a foundation for most of
these methods. In MaxEntIRL, the first order feature statistics of the
trajectory ¢(¢) under the empirical state occupancy measure of the ex-
pert, Ez_p, [¢(¢)], are matched with the statistics of the trajectory distri-
bution p(¢|y, ¢) induced by a policy interacting with the environment:
Ezp(cg,0)[9(S)]. The policy 7y, is trained by optimizing the expected cu-
mulative reward using the reward function estimate ry. The model describes
the fact that the expert trajectories are sampled from the Gibbs distribution:

p(Ely,p) = :eXP(rw(fp(C))) (4.1)

?r

which corresponds to the solution of the entropy maximization problem
of the trajectory distribution under feature matching and normalization
constraints.

In the more general case of stochastic dynamics p(s;.y1|st, a;) and random
initial state distribution y, we can define the generative model of trajectories
p(&|O1.7) conditioned on the optimality variables {O;};—1.r as follows
(Levine, 2018):

T

p(&|Orr) & p(&,Orr) = Hol(so) [ [ p(Or = s, ar)p(seyalst, ar)  (4.2)
t=1

where the conditional distribution p(Oy = 1]s¢, a;) o« exp(ry(¢(¢))) encodes
the optimality of a single timestep of the trajectory, i.e. O; = 1 corresponds
to an expert-level transition. The optimal reward weight solution ¢* can
be obtained by maximizing the likelihood of eq. (4.2) w.r.t. the parameter
. In the feature matching case, the reward ry(¢(¢)) is typically assumed
to be linear in the state features ry(¢) = T ¢(&). Here, the state features
¢(&) may be specified a priori or learned using a neural network model
(Wulfmeier et al., 2015). We state the primal maximum-likelihood objective
(Ziebart, Maas, et al., 2008):

1 T
max Esop, {108 mew (P@)] = max Eep, [¥" (&) —1og Z()] (4.3)

4
VARIATIONAL DUAL FORMULATION. Due to the difficulties of comput-
ing the log-partition function in high-dimensional spaces, a dual formula-
tion of the maximum likelihood problem is derived. The Gibbs distribution
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over trajectories p({|y, ¢) obtained via the maximum entropy principle
belongs to the exponential family of distributions:

Py, 9) = po(@) exp(yT9(E) — A(y)) (4-4)

where A(y) = logZy = log [zexp(pT¢(&))po(E)d¢ is the log-partition
function defined over the space of trajectories & and py is the base measure.

Leveraging the strict concavity of the log-partition function A(¢) in ¢ (M. J.
Wainwright et al., 2008), the Fenchel-Legendre dual (Rockafellar, 2015) of
A() is given by

Aly) = max (i, ¢(2)) = De(qllpo) = max (9(2), 84.¢(¢)) = Dre (4l o)

(4.5)
where we use the generalization of the marginal polytope & over first-
order statistics ¢(¢) to the space of distributions P (Dai et al., 2019) and
Sy,0(8) = T p(¢). By plugging in the resulting dual of the log-partition in
eq. (4.5) into the maximum likelihood objective in eq. (4.3), we obtain the
dual saddle-point objective:

max I;‘g% Ezop,[89,0(8)] — Eevglgu,e(S)] + DrrL(gllpo) (4.6)

In our case, the base measure py corresponds to the Lebesgue or count
measure according to the continuity of the state space, i.e. po(¢) = 1. Thus,
Dk (ql|po) simplifies to the negative entropy of the sampling distribution

H(q).

CONNECTION TO f-DIVERGENCES. The resulting dual problem is
closely related to f-divergence (Csiszar, 1972) minimization which allows us
to obtain a numerical solution strategy for eq. (4.6). It is well known that the
maximum-likelihood problem (eq. (4.3)) is asymptotically equivalent to the
minimization of the KL-divergence Dk (p(¢|6%)||p(¢|0)) (Andersen, 1970),
where 0* is the parameter vector maximizing the likelihood of p(x|6*). The
variational formulation of the more general f-divergence minimization
problem, of which Dk is an instance, is given by:

Ds(pllg) = E, [f(Pﬂ > sup Eylg(@)] - ElF @) @)
q g XSR

where f is a convex function and f* denotes its Fenchel conjugate. In par-
ticular, for f(x) = J|x — 1|, we obtain the total variation distance Dry (P, Q):

Drv(pllq) = H sllllp llEp[g(C)] —Eq[g(9)] (4.8)
8lleo<
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which is equivalent to eq. (4.6) for a restricted class of functions g € {g :
X — R,||glle < 1} and an entropy regularization term for the sam-
pling distribution g. Moreover, it is related to Dg;, via Pinsker’s inequality
Drv(pllq) < 3+/Dkr(pllg) (Gilardoni, 2010).

In order to perform the minimization of the f-divergence objective in
eq. (4.7), we can leverage a correspondence between optimal risk functions
and f-divergences. In particular, for a given f-divergence Dy, there exists
a corresponding decreasing convex risk function ¢(«) of the classification
margin &, such that the optimal risk Ry = —Dy (X. Nguyen et al., 2009,
Thm. 1). This correspondence allows the objective to be described as a
two-player zero-sum game and is amenable to optimization using generative-
adversarial-network-like (Goodfellow et al., 2014; Finn, P. Christiano, et al.,
2016) frameworks. When used to minimize the divergence between the
expert and policy occupancy measures, this problem class includes many
adversarial imitation learning algorithms (Ho et al., 2016; Fu, Luo, et al.,
2018; Ni et al., 2021). We will use these algorithms as solution strategies for
eq. (4.6).

Now that we have both exact and approximate formulations of the IRL
problem (eq. (4.3), eq. (4.6)) we shall see how spurious correlations can arise
when the expectations over the datasets D in eq. (4.3) and eq. (4.6) are
evaluated over samples from diverse sources.

4.2.2  Spurious correlations and causal invariance approaches

We shall now outline the intuition as to what we consider spurious cor-
relations in inverse reinforcement learning. It is necessary, at this point,
to introduce structural causal models, which will help define the notion
of spurious correlations. A structural causal model (SCM) (Pearl, 2009) is
defined as a tuple & = (S, P(¢e)), where P(e) = [[;<k P(g;) is a product
distribution over exogenous latent variables ¢; and S = {f1, ..., fx } is a set
of structural mechanisms where pa(i) denotes the set of parent nodes of
variable x;: x; := fij(pa(x;),¢;) fori € |S|. & induces a directed acyclic
graph (DAG) over the variables nodes x;. The SCM entails a joint observa-
tional distribution Ps = [T;<x p(xi|pa(x;)) over variables x; conditioned on
the parents of x; for some probability distribution p(-|pa(x;)) describing
the mechanism f;. Interventions on & constitute modifications of structural
mechanisms f; yielding interventional distributions Pg. In the context of
IRL, we consider interventional settings of the expert trajectory distribution

p(ClY, ¢) ineq. (4.2).
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In supervised learning, a correlation between the input representation and
the label is considered spurious if it does not generalize under distribution
shift — e.g. when the trained model is evaluated on a test set of unseen
examples. More specifically, the distribution shift constitutes an intervention
on the causal parents of the target label, which allows the application of
invariance based approaches, that we will describe below. In the case of IRL,
we consider a correlation to be spurious when a reward function does not
generalize to perturbations in the initial measure or dynamics of the MDP,
i.e. the policy optimizing a reward that reflects this correlation will absorb
this signal and fail to perform optimally under perturbed environment
dynamics.

TRANSITION scM. To illustrate scenarios in which such spurious cor-
relations arise, we consider the structural causal model of a transition in
Figure 4.1(a). At timestep t, the model is composed of the state s; , action
at, next state s, 1, the optimality label O; describing the optimality of the
transition at timestep ¢, a variable E encoding the setting index e € I(&)
and an unobserved latent variable C, which might vary as E changes. In
this model, we would like to identify non-causal information paths between
the environment index E and the optimality label. The presence of such
paths corresponds to spurious correlations.

In Figure 4.1b we can observe the scenario where we do not condition the
representation of the optimality conditional on the action. By conditioning
on the collider node s;1 and not observing the action node 4, a backdoor
path Pearl, 2009 is formed between the setting index E and the optimality
variable O, resulting in the violation of their conditional independence
relationship. A second scenario can be observed in Figure 4.1c. This scenario
requires the assumption that the orientation of the edge from node O; to
node s;y1 is temporally causal, meaning that the optimality of a state
s at time t is a causal parent of the next state. In this case, observing
the collider node s;1 makes nodes E and O; conditionally dependent >:
E U O¢lst4+1. Beyond these scenarios, one can further assume a more general
partitioning of an arbitrary transition input (s, 4,s’) into the causal transition
feature components x(¢) = f(s,a,s') and x(") : = (x(¢),x()), illustrated
in Figure 4.1d, whereby conditioning on the x("®) collider introduces a
spurious correlation path. Among other causes, this situation can arise due
to selection bias caused by a prevalence of certain transitions in the pooled
dataset, i.e., the pooling of diverse sources of demonstrations under the binary

2 Here, 1l denotes statistical independence
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optimality label introduces a spurious correlation between states visited
by expert policies as a consequence of the respective preferences and the
binary optimality label.

FIGURE 4.1: Transition SCM (a) Probabilistic graphical model of a transition
under influence of the index variable E and latent variable C. The
invariant conditional is highlighted in blue. (b) General setting where
O¢ depends on causal x(¢) and non-causal x(") features of the tran-
sition. Conditioning on the collider variable (in orange) creates a
spurious correlation path. (c) Collider conditioning assuming wrong
edge orientation Oy — s;41. This corresponds to O; being the causal
parent of s;;1 (d) Spurious correlations arising under assumption
of state-only formulation of the reward. Since a4; is unobserved, a
backdoor path (in red) is formed.

DATASET PARTITIONING AND TRAINING SETTINGS. The standard
IRL procedure typically pools input demonstration data into one dataset
which may lead to absorption of these correlations by the learned reward.
To resolve this, we first need to make the assumption that the data is
partitioned according to different sources obtained from observational and
interventional settings of the trajectory distribution. This assumption is
valid in three different scenarios: (i) expert demonstrations were gathered
on different environment dynamics, (ii) initial states were sampled from
different initial state distributions or (iii) experts have reward preferences,
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i.e. optimize a perturbed version of the reward associated with the true task
goal. In the context of the current work, we consider the source diversity to
be a consequence of the individual expert preferences expressed as reward
functions parameterizing eq. (4.1). We denote the union set of samples
obtained from these settings as &4, the set of training settings, and assume

access to multiple such settings D, := { ((:,)}li’;‘ during training.

FROM ROBUSTNESS TO INVARIANCE. The consideration of multiple
source distributions and associated target noise warrants the application of
robust methods such as distributionally robust optimization (DRO) (Bashiri
et al., 2021; Namkoong et al., 2016; Viano et al., 2021). Such approaches
modify the loss objective by searching over the space of empirical distribu-
tions indexed by e € &, under which the expected loss £, is maximized.
This is implemented in practice by searching over the set of training settings
&y resulting in a min-max objective for some function class f €:

min max — Egp,Le(f,8) (4-9)
This effectively regularizes the model by optimizing based on its worst-
case performance. While this modification can tackle the issue of model
overfitting to scarce data, it does not address potential diversity of the data
due to mode-seeking behavior of the min-max problem (Rahimian et al.,
2019). This behavior describes the fact that the maximum "latches on" to
the training setting with the largest likelihood loss which might constitute
a spurious mode of the demonstrations with respect to the actual task goal.
Arjovsky, Bottou, et al. show that the solution of robust regression is a first
order stationary point of the weighted square error (in the convex case), if
the variance of the loss is used as a per-setting bias (Arjovsky, Bottou, et al.,
2019, Prop. 2). This limits the generalization capacity to the convex hull of
the training settings &;.

Following (Arjovsky, Bottou, et al., 2019), we consider causal properties of
the robust estimation problem for the purposes of improved generalization
outside of the convex hull of training settings. The causal invariance principle
postulates that for the problem of estimating a target conditional, e.g.
classification label, one should only consider variables which belong to
the set of causal parents of the target. More specifically, causally invariant
covariates must yield the same conditional distribution of the target in
both observational and interventional settings of the SCM. Lifting the
distributional restrictions of the methods described in (Peters, Biihlmann, et
al., 2015), the invariant risk minimization (IRM) principle (Arjovsky, Bottou,
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et al., 2019) aims to identify a causally invariant data representation ¢ by
instantiating a bi-level optimization problem for a representation function
¢ and a predictor function w:

min )" L(wo¢) st: w € argmin L (Do) Ve e &y (4.10)

P:X—H e€Ey w:H—Y

wH—Y
This objective admits an unconstrained relaxation using the gradient norm
penalty D(w = 1.0, ¢,¢) = || [VoL(w o ¢)|,,—1 ||* which quantifies the
optimality of a fixed predictor (w = 1.0) at each setting e (Arjovsky, Bottou,
et al., 2019). This leads to the following unconstrained formulation of the
learning problem:

i LE(@) + Al [V LE a2 )
wgglye;&r (@) + A [Vl (wop)|,_qgll (4.11)

In the following section, we will show how to incorporate this principle
into the IRL setting.

4.2.3 Reward reqularization using causal invariance

Mapping the objective in eq. (4.10) to the context of reward learning, we
consider data gathered by different experts to correspond to interventional
settings of the trajectory distribution in eq. (4.2), where the interventions
reflect the varying preferences exhibited by the policy of the respective
experts. The stable conditional that we would like to identify corresponds
to the conditional distribution of the optimality label P(Oy |st, at). To achieve
this goal, we invoke the causal invariance principle to learn reward functions
that utilize features, invariant to some class of deviations exhibited by the
experts. We motivate this regularization strategy by the fact that despite the
discrepancies in the demonstrations, all experts are assumed to perform
the task in an optimal fashion with respect to the true task goal. This
assumption implies that all experts optimize the same underlying objective
that we would like to recover as a reward function. In doing so, we hope
to extract succinct descriptions of the underlying agreed intentions of the
experts as reward functions. As a result, we expect such rewards to be more
readily applicable to MDPs with distribution shift of the dynamics. As a
next step, we show how to apply this principle into practice by introducing
the causal invariance (CI) regularization, instantiated as the IRM penalty
described in eq. (4.11).
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FEATURE MATCHING REGULARIZATION. We begin by considering the
maximum entropy feature matching problem. For the Gibbs distribution
p(Ely, @) = exp(YT@(Z))/Zy,y over trajectories, we can write down the
constrained optimization problem analogously to eq. (4.10):

max ) ) logp(Gly,¢)st ¢y € argmax ) logp(ClP, @)  (4.12)

Y ecs, ceD, ¢ ZeD.

Intuitively, due to convexity of the likelihood function w.r.t. the natural
parameter ¥ (M. J. Wainwright et al., 2008), the constraint corresponds
to penalizing the deviation ¢ in p(¢|y,¢) from the optimal parameter
¢* which maximizes the likelihood p(&|¢*, ¢). In an analogous fashion
to the IRM approach described above (eq. (4.10)), we propose to relax
the constrained optimization problem by defining a regularization term
D(¢, ¢,e) which describes this deviation. Let &, be the set of training
settings and 1, ¢ be the parameters of the likelihood p(¢|y, ¢). D(¢, ¢, €) is
a distance function representing the violation of the constraints of eq. (4.12)
in training setting e € &, w.r.t. the optimal solution.

D(p, ¢;e) = [[|VpL (@) lp=1.0] (4.13)

In our case, the deviation is computed w.r.t. the parameters maximizing
the likelihood of the Gibbs distribution due to convexity of Ly g w.r.t.
function gy ». Applying the gradient of this penalty to the representation
function ¢ effectively regularizes the representation to minimize the con-
straint violations. In simple tabular MDPs, where the computation of the
partition function is tractable, we directly apply this regularizer to the
primal maximum likelihood objective as follows:

Lmie(y, ¢,e) = (4.14)
max GZ& <IE§€DE {IOg <zj,¢ eXP(¢T¢(C)>) + AD(y, W)D

In the primal case, for a trajectory distribution described by an expo-
nential family, we can derive a closed form of the gradient penalty. We
summarize this result as the following proposition 3:

Proposition 1. Let the likelihood p(&) belong to a natural exponential family with
parameter ¥, sufficient statistics ¢(x) and the (Lebesque) base measure py. Let
Dt be the dataset corresponding to interventional setting e. Then, for all e € &y,

3 All omitted proofs are found in appendix A.3
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Algorithm 3 CI regularized Feature Matching IRL (CI-FMIRL)

Input: Expert trajectories Df assumed to be obtained from multiple

experts by intervening on p(&|, @)

Init: Initialize reward estimate ry and state feature network ¢y

for setting e in {1, ..., &} do

while 7y , not converged do

Compute feature matching gradient VyL(y, ¢;¢) = Epe [9(Z)] —
E, () [#($)) and causal invariance penalty gradient V,D(, ¢;e)
and backpropagate the weighted sum through feature network ¢g(s)

Compute policy 7y, , using value iteration on the reward estimate
"9
Return: Trained reward 7,y

the causal invariance penalty for the maximum likelihood loss is the norm of the
expectation difference of features ¢:

D(y, pie) = ||V yjyp—1.0L (¢, 9)|* = [[Epe[9(2)] = Epeip [0
(4.15)

This closed form of the gradient norm penalty can be utilized in the
maximum causal entropy solver (Ziebart, J. A. Bagnell, et al., 2010). We
assume the state features to be the output of a neural network according to
the DEEPMAXENT model (Wulfmeier et al., 2015). In order for the network
to adopt invariant features, the gradient norm penalty in eq. (4.15) is used
to update the feature network using backpropagation 4. The resulting
algorithm (CI-FMIRL) is presented in Algorithm 3.

PENALTY FOR DUAL FORMULATION. In large scale MDPs, where the
evaluation of the log-partition function is intractable, we use the variational
dual objective outlined in eq. (4.5). In order to regularize this objective, we
first need to derive the causal invariance penalty for the dual formulation.
By leveraging the strict concavity of eq. (4.6) w.r.t. g, we can straightfor-
wardly extend the distance penalty to the dual formulation as follows:

L ual (lIJ' ¢, 49, 6) = (4.16)

max Zg m;n [Ezpe[89,0(6)] — Ezvglgyp(6)] + Dxr(qllpo)] + AD(y, ¢, ¢)
! eclir

4 We derive a closed form of the gradient estimate in appendix A.3
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The numerical solution strategy for the saddle-point objective in Equa-
tion (4.17) can be realized using a two-player min-max game implemented
using a GAN-like framework (Finn, Levine, et al., 2016). More specifically,
an equivalence between the maximum likelihood problem for a Gibbs dis-
tribution over trajectories and the corresponding variational approximation
has been shown in (Fu, Luo, et al., 2018, App. A). We state the CI gradient
penalty as a result of the following proposition.

Proposition 2. The gradient of the primal exponential family maximum-likelihood
problem in Equation (4.3) w.r.t. the natural parameter  is equivalent to the
gradient of the dual in Equation (4.5) w.r.t the parameter \ when the density ratio
4 is unit

p Y

Vg Lauar (P, @.q,¢)|[2 = (4.17)

Hm{zin Egpg [9(8)] = Eepelpg) Lq(gﬁl)([,)@(@} |l2

Using this result, we can apply the gradient penalty to the dual. Effec-
tively, the resulting gradient estimate requires an importance sampling
estimate of the second expectation using the sampling trajectory distribu-
tion g induced by the policy. The minimum over g is attained when the
importance weight is unity.

As we have seen in section 4.2.1, the dual objective is closely related to
the f-divergence minimization objectives which form the basis of multiple
adversarial imitation learning algorithms (Ho et al.,, 2016; Fu, Luo, et al,,
2018; Ni et al., 2021). This class of algorithms leverages the correspondence
between the f-divergence objectives and equivalent binary classification
surrogate losses as described in (X. Nguyen et al., 2009). One such example

is the optimal logistic loss of a binary classification function gp(x) =
#f;(x) which corresponds to the Jensen-Shannon divergence (Ho et al.,
2016) between distributions p(x) and g(x):

max Lpce(gp) =
max Eyp; [log gp(x)] + Ex~r[log(1 —gp(x))] = Dys(pllq) (4.18)

In practice, we can make use of this equivalence in order to apply the penalty
defined in section 4.2.3 solely to the discriminator function ¢p(x) which
classifies transitions sampled from the expert datasets D} and transitions
obtained from the imitation policy.



4.3 EXPERIMENTS

Algorithm 4 CI regularized Adversarial IRL (CI-AIRL)

Input: Expert trajectories Df assumed to be obtained from multiple
experts by intervening on p(&|, @)
Init: Initialize actor-critic 79, vy and discriminator gz
for setting e in {1, ..., &} do
Collect trajectory buffer Dr = {g;}i<|p,| by executing the policy g
Update g4,4(s,a) via binary logistic regression by maximizing

L(§,p;e) = Lace(E, @, ¥;€) + M|V yp—10L8ce( ¢ i) |

using dataset tuple (Dg, Dr)
Update actor-critic (779, vg) w.r.t. the reward function of the regularized
discriminator using the soft-actor-critic RL procedure

Return: Trained reward r,,y and actor-critic 779, Vg

ALGORITHM DESCRIPTION. We present the resulting adversarial algo-
rithm (CI-AIRL) in Algorithm 4. The algorithm describes a two-player
zero-sum game between an agent parameterized using a soft-actor-critic
architecture and the discriminator which is used to provide a reward func-
tion by distinguishing between expert and policy samples. The adversarial
training procedure generally mimics that of divergence-based methods such
as (Ho et al., 2016; Fu, Luo, et al., 2018). There are three main differences
compared to baseline adversarial training algorithms. The first is the fact
that we use multiple experts in a distinct fashion as opposed to pooling the
demonstrations into one big dataset. The second is the regularization of the
discriminator objective in Equation (4.18) using the gradient norm penalty
DG, ¢, ¢;e) = |[Vyjyp=1.0LBcE(S, ¢, P;e)] |? in a similar fashion to eq. (4.10),
where ¢ = 1.0 corresponds to a fixed scalar predictor. Finally, we utilize
soft-actor-critic (SAC) (Haarnoja et al., 2018) as an instance of an off-policy
forward RL solution method as opposed to the on-policy algorithms used
in (Ho et al., 2016; Fu, Luo, et al., 2018).

4.3 EXPERIMENTS

We will now evaluate the proposed method empirically. The experiments
are designed to answer the following questions: (i) What is the effect
of the causal invariance penalty on the recovered reward structure? (ii)
Does regularizing the reward function using causal invariance improve
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downstream policy performance? (iii) What is the impact of changing the
loss function of the discriminator and (iv) what is the effect of increasing
the perturbation magnitude? To answer these questions, we evaluate our
model in two settings.

The first setting considers a tabular gridworld scenario, where the parti-
tion function is tractable. We perform reward learning experiments using
variants of the maximum entropy feature expectation matching algorithm.
In particular, we use the DEEPMAXENT (Wulfmeier et al., 2015) model of
state features with different regularization strategies. In the second set-
ting, we test the invariance regularization in an adversarial IRL setting
on simulated robotic locomotion environments. Here, we demonstrate the
generalization of the obtained reward functions by retraining policies using
the recovered rewards on perturbed versions of the environment dynamics.

4.3.1  Tractable setting: Gridworld experiments using feature matching

FIGURE 4.2: Feature matching reward recovery on a gridworld environment. (a)
expert trajectory datasets: 1st group (blue) 40 trajectories, 2nd group
(white): 10 trajectories, 3rd group (green): 1 trajectory. (b) MaxEnt IRL
ERM baseline (c) MaxEnt IRL ERM baseline with L2 regularization
coefficent Ajp = le — 3 (d) MaxEnt IRL with CI penalty, A; = 0.01, (e)
MaxEnt IRL with CI penalty, A; = 0.05

—0.005 ~0.06077

—1.168 5 ~1.666

3.393 3.322 0.571 0.06382

—5.617 —a.077 —1.137 —0.06687

—7.842 —6.633 —1.704 ~0.06991

—10.067 —8.280 —2.270 —0.07206

For the first experiment, we aim to illustrate the principle of causal
invariance regularization in the tractable IRL setting using Algorithm 3. To
do so, we choose a simple gridworld environment with stochastic dynamics
and a sparse ground truth reward structure and corresponding trajectories
illustrated in (Figure 4.2a). The goal of the agent is to navigate from the
bottom left to the top right corner. Due to the tabular nature of the state
space, this setting allows a direct visual comparison of the recovered reward
functions for the different regularization strategies.

SETUP. In order to construct the dataset settings £, we generate a dataset
of 3 groups of expert trajectories using a value iteration method on modified
versions of the MDP. The initial and final states of the trajectories are fixed.
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We introduce a selection bias into the IRL feature expectation matching
problem by manipulating the expert preferences to choose different paths.
This results in a trajectory dataset with different number of trajectories for
each of the three paths chosen by the experts (Figure 4.2a): 40 trajectories
for 1st group, 10 trajectories for 2nd group and 1 trajectory for the 3rd

group.

BASELINES. Throughout this section, we compare the proposed regular-
ization to both non-regularized and regularized versions of the DEEPMAX-
ENT algorithm. In particular, we use an L2 penalties of the reward feature
weights ¢(s) and a Lipschitz smoothness penalty (Yoshida et al., 2017) as
baseline regularization strategies.

RESULTS. In Figure 4.2, we can observe that both the unregularized
MaxEnt IRL algorithm (ERM) (Figure 4.2b) and Lj-regularized MaxEnt IRL
algorithm (ERM-L,) (Figure 4.2c) exhibit overfitting to the expert datasets
and partially fail to recover a meaningful reward and respective policy. In
contrast, the IRM-regularized version recovers a shaped reward function
which takes the different optimal paths into account in a manner which
demonstrates an invariance to the setting index e. In particular, increasing
the regularization strength A improves the reward significantly (Figure 4.2d
- Figure 4.2e). It is easy to see that the Cl-regularized reward can more
straightforwardly be used in a setting where the dynamics of the MDP
might be modified, e.g. when obstacles are introduced.

4.3.2 Adversarial setting

For the second experiment, we perform experiments in large state spaces,
which require the use of Algorithm 4. Our primary goal is to investigate
how well the recovered reward function allows the elicitation of a policy
under change of dynamics. To do so, we first learn a reward function using
the adversarial training procedure and then retrain a policy from scratch
using the recovered reward as training signal.

seTur. For our experimental setting, we choose a set of robot locomotion
tasks from the MuJoCo (Todorov et al., 2012) suite. We generate the demon-
stration datasets by using pretrained soft-actor-critic (SAC) policies from the
STABLE-BASELINES3 repository 5. In order to diversify the demonstrations,

5 https:/ /huggingface.co/sb3
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FIGURE 4.3: Comparison of SAC policy performance w.r.t. ground truth reward
when trained on inferred reward functions. Every row depicts a
different type of dynamics perturbation for the five MuJoCo tasks
as described in section 4.3.2. Here, AIRL is chosen as the baseline
algorithm. The variants correspond to the unregularized baseline:
ERM, Lipschitz regularization: L1p and three best CI regularization
parameters CI.
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we perturb the policies using a structured noise approach: the optimal
policy action is perturbed with Gaussian noise at every timestep with a
probability p = 0.3 of the noise being applied. We have used 10 expert
trajectories for every environment in all the experiments performed in this
section. The reward function is obtained by using a number of different
discriminator functions corresponding to variations of the f-divergence
objective. In order to assess the quality of the recovered reward, we retrain
policies on the recovered reward under distribution shift of the dynamics
realized by perturbing physical parameters of the simulation. Specifically,
we apply Gaussian noise to four parameters of the MuJoCo simulation:
the body mass, joint range and actuator control range of the robot as well
as the contact friction coefficient of the simulated surface. We evaluate the
behavior of the algorithms for a variety of perturbation magnitudes.®

BASELINES. Throughout this section, we use three different adversarial
IRL algorithms as baselines for reward learning: (i) AIRL (Fu, Luo, et al,,
2018), an adversarial IRL approach which relies on a structured discrimina-
tor to recover a stationary reward function (ii) MEIRL, an adaptation of the

6 Additional experimental details are provided in section 4.5

Environment ANT-vV3

WALKER2D-V3

Horrer-v3

HALFCHEETAH-V3

HumaNo1D-v3

Expert 3168.49.+1715.68

3565.334527.40

3119.54.£524.36

4340.6142020.14

4774-1742063.52

AIRL (ERM) 580.78.1048.73

AIRL (Lip) 1194.04+1583.08
AIRL (CI) 1880.42i935_15

-3-29x071
3388.4811586.45
4162.701517.13

77648827
3382.914231.02

3334-91+221.80

2046.29+460.98
4388.94+726.69
4477-97+532.72

4451.74+1759.31
1788.85+1643.00

5107.54+119.31

GAIL (ERM) -746.311468.03
GAIL (Llp) 220.974524.83
GAIL (CI) 230.434565.68

328.44466.02
553.364277.24

1172.57+539.86

1637.50+1419.59
1832.394832.32

2636.65+1114.94

886.251404.82
1403.77+1282.75

2365.55+1679.64

122.62i71'53
77-24+4.66
549631169208

MEIRL (ERM)  -66.661112.03
MEIRL (Lip) -365.41+143.70
MEIRL (CI) 153.4341134.46

169.114344 87
917.14+132.05

2520.24+994.27

3-2240.22
1045.40+54.76

2351.07+679.37

-177-394211.43
-335-10484.66

1371.59+1469.01

55-99+3.45
1001.49-+1889.60

3099.5142411.21

TABLE 4.1: Policy rollout results using ground truth reward for perturbed Mu-
JoCo environments after being trained for 1M timesteps using the
rewards recovered from the different discriminators in section 4.3.2.
Here, the body mass parameter is perturbed with a noise magnitude
of ¢ = 0.2. The results are averaged over 10 rollouts and obtained by
training the model using five different random seeds.
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maximum entropy IRL algorithm for large state spaces without an impor-
tance sampling estimator (Ni et al., 2021) and (iii) GAIL (Ho et al., 2016), an
imitation learning where we extract the unshaped discriminator as a reward
function for policy learning. All baselines use the SAC (Haarnoja et al.,
2018) algorithm as a forward RL agent for purposes of sample efficiency.

RESULTS. Figure 4.3 depicts the results of a SAC agent trained using the
reward function recovered by the AIRL baseline algorithm and two regular-
ization strategies: (i) the Lipschitz smoothness regularizer (Gulrajani et al.,
2017) controlled by the penalty coefficient A; and the proposed regulariza-
tion in section 4.2.3, controlled by the penalty coefficient A;. We evaluate
the models on combinations of regularization coefficients drawn from the
following sets: A; € {0.0,0.1,1.0,10.0,100.0} and A} € {0.0,1.0,10.0} and
pick the three best performing A coefficients for every environment. We
can observe that applying the causal invariance penalty leads to superior
performance compared to using non-regularized or Lipschitz regularized
rewards. The choice of the A} hyperparameter is problem dependent — we
report three best performing variants per-environment.

IMPACT OF ADVERSARIAL ALGORITHM VARIATION. We evaluate our
method on a number of variants of the adversarial imitation learning algo-
rithms based on f-divergence minimization, as outlined above. The results
are presented in table 4.1. We report the ground truth reward performance
attained using an SAC agent trained using the recovered rewards after
1 million timesteps. The regularization coefficients are selected on a per-
environment basis. The full results tables are provided in section 4.5.4. We
observe improved cumulative ground truth reward metrics for all three
algorithms when compared to both the unregularized (ERM) and Lips-
chitz regularized (Lip) baselines. The improvement is most pronounced in
the ANT, WALKER2D and HumANOID environments, which are of higher
state-space dimensionality.

PERTURBATION MAGNITUDE. In this experiment, we investigate the pol-
icy ground truth performance as a function of the perturbation magnitude
applied to the physical parameters of the environment dynamics. In fig. 4.4,
we observe that using the Cl-penalty improves the ground truth episode
reward performance of the trained policies for a large spectrum of perturba-
tions for 3 out of 5 environments and does not suffer a performance penalty
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for the other two. This result demonstrates the improved generalization
properties of the Cl-regularized reward function. 7
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FIGURE 4.4: Comparison of SAC policy performance w.r.t. ground truth reward
when trained on recovered reward functions as a function of per-
turbation magnitude. Here, AIRL is chosen as the baseline algorithm.
ERM denotes the unregularized baseline, L1r the best Lipschitz regu-
larization hyperparameters per environment and c1 the best causal
invariance regularization hyperperameter.

4.3.3 Lunar Lander environment

In addition to the robotic locomotion setting, we have performed a set
of reward learning experiments in the context of the LUNARLANDER envi-
ronment (towers_gymnasium_2023). Similarly to the robotic locomotion
experiments described in section 4.3.2, 10 demonstrations were gathered
using a pre-trained SAC baseline and a structured noise approach was used
to achieve diversity of demonstrations. The reward was trained using the
AIRL baseline algorithm and the same set of regularization coefficients
Ar € {0.0,0.1,1.0,10.0,100.0} and A; € {0.0,1.0,10.0} as in section 4.3.2.
Subsequently, the reward was used to train an SAC policy under dynam-
ics perturbations on three different parameters: gravity, wind power and
turbulence power with noise magnitudes 7 = 1.0 for the gravity and wind
power parameters and # = 0.5 for the turbulence power parameter.

Figure 4.5 depicts the resulting cumulative reward performance during
policy training. We can observe that using the CI regularization with regular-
ization coefficient A; = 100.0 allows us to train a policy which considerably
improves upon both the unregularized baseline (ERM) and the Lipschitz
smoothness regularized baselines (Lip) both in terms of faster convergence
and asymptotic performance measured using the ground truth reward.

We provide a number of additional evaluations for both the tractable and approximate settings
in section 4.5
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FIGURE 4.5: Comparison of SAC policy training performance w.r.t. ground truth
reward when trained using the recovered reward functions. Here,
AIRL is chosen as the baseline reward learning algorithm for the
LUNARLANDER environment. Every column depicts a different type
of dynamics perturbation used during training.

4.4 RELATED WORK

INVARIANCE AND CAUSALITY IN RL Following the introduction of
causally invariant methods for supervised and representation learning
(Peters, Bithlmann, et al., 2015; Heinze-Deml et al., 2017; Arjovsky, Bottou,
et al.,, 2019; Ahuja, Shanmugam, et al., 2020), the concept of causal invariance
has been used in a number of reinforcement learning works. Invariant
causal prediction has been utilized in (A. Zhang et al., 2020) to learn
model invariant state abstractions in a multiple MDP setting with a shared
latent space. Invariant policy optimization (Sonar et al., 2021) uses the
IRM games (Ahuja, Shanmugam, et al., 2020) formulation to learn policies
invariant to certain domain variations. Haan et al. address the problem
of causal confusion in imitation learning by using the causal structure of
demonstrations. Causal imitation learning under temporally correlated
noise has been studied in (Swamy, Choudhury, D. Bagnell, et al., 2022).
In the offline RL setting without access to environment interactions, (Bica
et al., 2021) propose to use the invariance principle for policy generalization.
To the best of our knowledge, our algorithm is the first proposed method
to use invariant causal prediction in the context of inverse reinforcement
learning with the primary purpose focused on recovery of reward functions
and their subsequent deployment for downstream purposes.

LEARNING FROM DIVERSE DEMONSTRATIONS Li et al. investigate the
issue of imitation learning from diverse experts through the lens of identi-
fying latent factors of variation. Zolna et al. propose a model which also
addresses the issue of spurious correlations being absorbed from expert
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data. However, their focus is on visual features in a pure imitation learn-
ing setting in contrast to our approach, which recovers reward functions
that perform favorably in a transfer setting. Diverse demonstrations have
been studied in both the context of adversarial imitation learning under
assumptions on latent variables in (Tangkaratt et al., 2020) as well as offline
imitation learning (G.-H. Kim et al., 2021) under assumptions of explicit ac-
cess to a dataset of suboptimal demonstrations. The authors of (Haug et al.,
2020) propose to use suboptimal demonstrations to derive an additional
supervision signal by way of matching optimality profiles for preference
learning.

COMPARISON TO OTHER REGULARIZATION TECHNIQUES The
divergence-based dual objective used in this work admits a number of
regularization strategies, which result as a the restriction of the critic func-
tion class F. A commonly used regularization is the Lipschitz smoothness
penalty (Yoshida et al., 2017; Gulrajani et al., 2017) which restricts the class
of functions F in eq. (4.6) to the class of Lipschitz smooth functions. Con-
trary to methods which penalizes the estimated gradient norm w.r.t. the
input, the causal invariance penalty restricts the norm of the gradient w.r.t.
to the predictor parameters of the model which vary across settings ;.
K.-E. Kim et al. restrict the function class J to belong to an RKHS space,
resulting in an imitation learning method based on the Maximum Mean
Discrepancy (MMD) metric. The authors of (Bashiri et al., 2021) present a
distributionally robust imitation learning method which generalizes the
maximum entropy IRL robustness properties from logistic loss to arbitrary
losses. In comparison, our method remedies the issue of learning rewards
as opposed to imitation policy learning and improves generalization due to
the properties of the causal invariance penalty.
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4.5 ADDITIONAL RESULTS

In this section, we present additional experimental evidence to support the
claims made in the main text.

4.5.1 Additional gridworld results

Figure 4.6 depicts an additional experimental setting using algorithm 3.
Here, we choose 5 sets of trajectories which solve a horizontal navigation
problem illustrated in fig. 4.6a. We compare this to a set of baselines as
described in section 4.3.1 with the addition of a spectral norm (Yoshida
et al., 2017) regularizer which imposes the Lipschitz smoothness penalty on
the reward representation. We motivate this choice by the fact that Lipschitz
smoothness is a successful regularization techniques in the approximate
setting. We can observe a similar pattern to the one reported in section 4.3.1,
where the ERM MaxEnt baseline overfits to reward to the observed tra-
jectories (fig. 4.6(b,c)). The Lipschitz regularization in fig. 4.6(d) provides
a more succinct reward representation but fails to capture the horizontal
reward gradient which is indicative of the shared intent of the expert. The
CI penalty with both regularization strengths (fig. 4.6(e,f)) recovers this
aspect of the ground truth reward.

4.5.2 Adversarial training results

For reference, in fig. 4.7, we present the results of the adversarial training
procedure used to recover the reward functions for the experiments in
section 4.3.2. We can observe that when used to regularize the discriminator
in an adversarial setting, the CI penalty does not produce a significant
regularization effect as has been established in the transfer setting.

4.5.3 Alternative discriminator training

Similar to the training dynamics reported in fig. 4.3 for the AIRL discrimina-
tor structure, we provide the results for the other two algorithms — GAIL in
fig. 4.8 and MEIRL in fig. 4.9. We observe that for GAIL, the regularization is
beneficial in all settings except for HALFCHEETAH where it is outperformed
by the Lipschitz regularized baseline. For the MEIRL setting, we also ob-
serve a significant improvement with the exception of the ANT environment,
where all algorithm fail to achieve movement using the recovered reward.
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Ant-v3 Walker2d-v3 Hopper-v3 HalfCheetah-v3 Humanoid-v3
4000 4500 5 4500 A 7000 6000 -
1000 H 3000 o 3000 o
—2000 - —1000 - 0 -
4000 7000 4 6000 -
1000 H 3000 o
o F
<
3
£ —2000 - —1000 -
2
o 4000 5 7000 4
9
o
2
a
m 1000 - B 3000 o
—2000 - g 1000 -
4000 A 1 7000 7
1000 H B - 3000 4 .-
—2000 = - —1000 = -
T T 1 T 1
0.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5
M. Timesteps
Cll —— CI2 —— CI3 - ERM - Lip 1.0 -+ Lip 10.0

Body Mass

Joint Range

Geom. Friction Control Range

-
o

FIGURE 4.8: Comparison of SAC policy performance w.r.t. ground truth reward
when trained on recovered reward functions. Every row depicts a
different type of dynamics perturbation for the five MuJoCo tasks as
described in section 4.3.2. Here, GAIL is chosen as the baseline.



4.5 ADDITIONAL RESULTS 77

Ant-v3 ‘Walker2d-v3 Hopper-v3 HalfCheetah-v3 Humanoid-v3

4000 5 4500 A 4500 7000 6000 A -

K

=

1000 .

=]

<3

. M
—2000 -
4000 5
1000 H

Joint Range

Episode reward
=
(=]
(=]
(=]
1]

i)

o0

=

&

1000 - =
=

—2000 - 3
4000 - 5
g

2

g

1000 5
g

2000 i 1000 455 -3
- T T 1 T T 1 T T |_ T T 1 T T 1 O

00 05 1.0 00 05 1.0 00 05 1.0 00 05 1.0 00 05 1.0
M. Timesteps
Cl1 —— CI2 —— CI3 - ERM - Lip 1.0 - Lip 10.0

FIGURE 4.9: Comparison of SAC policy performance w.r.t. ground truth reward
when trained on recovered reward functions. Every row depicts a
different type of dynamics perturbation for the five MuJoCo tasks as
described in section 4.3.2. Here, MEIRL is chosen as the baseline.



78

LEARNING CAUSALLY INVARIANT REWARD FUNCTIONS

Ant-v3 Walker2d-v3 Hopper-v3 HalfCheetah-v3 Humanoid-v3

4000 5000 4500 7000 6000
““N “‘—‘\ @
1000 2500 2250 3000 3000 o
v"\'—\' 3
Q
m

—2000 0 0 - —1000 - 0
4000 5000 4500 7000 6000 °
1)
=]
<
1000 ¢§ 2500 2250 \\ 3000 3000 ~
=
= El
3 ks
2 —2000 - 0- 0 - —1000 - 0- =

19
g 4000 5000 4500 - 7000 6000 &
g 5
2 ~
& 1000 4 m\‘ 2500 2250 \ 3000 \ 3000 3
Z
5
—2000 0 o0 - —1000 4 0 8]
4000 5000 - 4500 7000 6000 5
&\‘F__‘ 3]
s
1000 2500 2250 3000 3000 ~
&h,_—a g
8
—2000 - 0 - 0- —1000 - 0 3
L T 1 rTT T 1 L T 1 L T 1 rTT T 1
002 05 1.0 002 05 1.0 002 05 1.0 002 05 1.0 002 05 1.0

Perturbation Magnitude
ERM —¥— Lip —— CI

FIGURE 4.10: Comparison of SAC policy performance w.r.t. ground truth reward
when trained on recovered reward functions as a function of the
perturbation strength. Every row depicts a different type of dynamics
perturbation for the five MuJoCo tasks as described in section 4.3.2.
Here, AIRL is chosen as the baseline.



4.5 ADDITIONAL RESULTS

Environment ANT WALKER2D Horprer HALFCHEETAH HumanNoip
Expert 3168.49+171568  3565.334527.40  3119.54x50436  4340.614200014 4774174206352
AIRL (ERM) -18.731255.23 -3.50+1.66 48.8217624 2310.93£118.75 3261.1712072.68
AIRL (Lip) -213.89.738.75 3202.09+18598  2544-28144586  4293.704666.33 710.881356.04
AIRL (C) 155.62.4875.01 3670.21450900  2906.77+49033  4653.89+762.09 4022.43467137
GAIL (ERM) -486.05388.06 359.234254.85 1047.76487198  1160.784113426  508.864601.99
GAIL (Lip) -208.97252.99 577-40£550.86 2339.87146597  4168.13147222 122.4918243
GAIL (CI) 1021.264184556  3479-99+124239  2976.49+41733 5581434144239 2170.964242551
MEIRL (ERM)  -57.3049323 -3.69+018 3.17+052 347.554790.54 54.70+192
MEIRL (Lip) -554.2582.05 622.45 146425 1136.95420097  -297-8417123 1014.4241915.24
MEIRL (CI) -337.174131057 2292944152143  2800.374666.09 ~ 1650.50+168338  2935.90+2262.13

TABLE 4.2: Policy rollout results using ground truth reward for perturbed Mu-
JoCo environments after being trained for 1M timesteps using the
rewards recovered from the different discriminators in section 4.3.2.
Here, the joint range parameter is perturbed with a noise magnitude
of ¢ = 0.2. The results are averaged over 10 rollouts and obtained by
training the model using five different random seeds.

4.5.4 Tables of results

In addition to the results reported on the body mass parameter of the Mu-
JoCo simulation, we provide the results tables for other three perturbation
parameters: joint range in table 4.2, actuator control range in table 4.3 and
geometry friction in table 4.4. We observe a similar effect in terms of the
reward generalization properties as described in the main text.
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Environment ANT WALKER2D HorpPer HALFCHEETAH Humanoip
Expert 3168.491171568  3565-33+527.40 3119.54+524.36 4340.6142020.14 4774174206352
AIRL (ERM) 1279.871128166  -0-41+3.07 376216271 2536.90421227 357-19+135.66
AIRL (Lip) 809.60.+142576 2779.73+130391  2784.281510,50 4175.494918.92 312.24.490.05
AIRL (CI) 2166581147170  3897.58+831.24 2884.344130.60 447017473181 2730.60+982.13
GAIL (ERM) -641.934284.65 1180.574141321  491-27:4565.63 1862.671102674  1219.944178426
GAIL (Lip) ~92.744+363.44 1672.061126395 ~ 2028.07+100496  3638.51+116442  93.01+2401
GAIL (CI) 2486.001207811  2660.741866.36 2985.44+280.70 3979-90+2494.31 2986.7012389.78
MEIRL (ERM)  -10.634335 -3.834045 3.17+027 -36.661.48957 58.4010.15

MEIRL (Lip)
MEIRL (CI)

“411.65:244.20

133-504969.39

83280431120
2286.8041040.59

1073-224138.00

2551.59+1131.76

-261.74+164.78

3303.8242332.89

1064.414201191

3058.7842086.41

TABLE 4.3: Policy rollout results using ground truth reward for perturbed Mu-
JoCo environments after being trained for 1M timesteps using the
rewards recovered from the different discriminators in section 4.3.2.
Here, the actuator control range parameter is perturbed with a noise
magnitude of ¢ = 0.2. The results are averaged over 10 rollouts and
obtained by training the model using five different random seeds.

Environment ANT WALKER2D Horrer HALFCHEETAH HumanNoip
Expert 3168.49+171568  3565.334527.40  3119.54+52436  4340.614202014  4774-17+2063.52
AIRL (ERM) 603.001909.86 -3.87+044 149.17+151.96 214185491219 4507.23:4659.04
AIRL (Lip) 283.73+1204.15 3429.17437229 331125412882 4659.44+533.32 1432.57495287
AIRL (CI) 1434.014153065 41671517126 3288.86414076  4737.724749.52 4756.93+368.15
GAIL (ERM) ~421.274752.40 910.12+951 80 939.05-£959.38 1563.17+1245.51 871.61+100221
GAIL (Lip) -172.69+196.92 1065.0241672.12  2541.08£906.67 4795.59-1018.65 89.5111687
GAIL (CI) 1148.324193845  2395.43+128270  3068.00445050  4037.081983.32 3385.5842279.28
MEIRL (ERM)  -103.10+188.90 -3.4340.15 336019 191.23+630.81 56.414224
MEIRL (Lip) -252.294184.32 865.84+308.25 1128.524125.06 -284.92.4204.61 991.70+1871.72
MEIRL (CI) -191.764912 46 2546.37+107322 2425381107078 1724.4442057.07  2155.5542281.06

TABLE 4.4: Policy rollout results using ground truth reward for perturbed Mu-
JoCo environments after being trained for 1M timesteps using the
rewards recovered from the different discriminators in section 4.3.2.
Here, the geometry friction parameter is perturbed with a noise magni-
tude of ¢ = 0.2. The results are averaged over 10 rollouts and obtained
by training the model using five different random seeds.
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GRIDWORLD. For the gridworld experiments, we use a DeepMaxEnt
(Wulfmeier et al., 2015) formulation of the IRL problem. The state features
are parametrized by a 2-layer MLP with a 1-dimensional hidden layer. We
use RMSProp as an optimizer with a learning rate of 1073.

MuJjoco. For the adversarial learning experiments, we use an actor and
critic network with two hidden layers of size 256 and a discriminator
network with two hidden layers of size 128. We use Adam (Kingma et
al., 2014) as the optimizer with an initial learning rate of # = 3e — 4. We
use the gradient penalty strategy described in (Gulrajani et al., 2017) to
impose the Lipschitz smoothness constraint on the discriminator networks
in section 4.3.2. We perform one update of the discriminator network
for every 3 updates of the actor-critic networks. We use an extension of
the cLEaANRL (S. Huang et al., 2022) library for all the experiments to
train the policy networks both using the ground truth reward as well as
during adversarial training and using the recovered reward for the transfer
experiments.

4.6.1  Regularization strength

The causal invariance (CI) penalty term used in eq. (4.14) and eq. (4.17) bears
resemblance to the Lipschitz smoothness gradient penalty (Gulrajani et al.,
2017) used as the main regularized baseline througout the experiments
presented in this work. The magnitude of both penalty types is controlled
by the respective regularization coefficients A; and Aj. The regularization
strength of the CI gradient penalty controls the deviation of the learned
solution from the optimum on the respective training setting in the convex
case (Arjovsky, Bottou, et al., 2019). In contrast to penalizing the smoothness
of the function with respect to the input, the tuning of the regularization
is largely dependent on the diversity of training settings. Identifying a
data-driven strategy for regularization tuning is a challenge we defer to
future work.

4.7 CONCLUSION

In this chapter, we have presented a regularization objective for inverse rein-
forcement learning to recover reward functions which are robust to spurious
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correlations present in expert datasets which feature diverse demonstra-
tions. The robustness manifests itself as improved policy performance in a
transfer setting in both the maximum entropy IRL case based on feature
expectation matching as well as the adversarial setting.

LIMITATIONS AND FUTURE WORK. The hyperparameter A; is strongly
dependent on the data and environment — finding an automatic tuning pro-
cedure would overcome the main limitation in terms of the applicability of
the method. Currently, the proposed method relies on a linear formulation
of the causal invariance penalty. Successor methods of (Arjovsky, Bottou,
et al., 2019) which introduce a nonlinear formulation (Lu et al., 2022) or
include a larger class of distribution shifts (Rothenhdusler et al., 2021) could
be considered in order to improve the overly conservative nature (Ahuja,
Caballero, et al., 2021) of causally invariant features.

APPLICATION TO SURGICAL ASSISTANCE PIPELINE The algorithmic
development presented in this chapter has a number of implications in the
context of the surgical assistance pipeline described in chapter 3. Surgical
demonstrations are notoriously multimodal - style preferences of individual
practitioners may vary dramatically in the context of performing the same
procedure. Identifying causally invariant rewards are a promising avenue
that can be used for the purpose of distilling task-relevant components of
the demonstrations.



IMITATION LEARNING USING GENERALIZED SLICED
WASSERSTEIN DISTANCES

I visualize a time when we will be to robots what dogs
are to humans. And I am rooting for the machines.
— Claude Shannon

In contrast to the previous chapter, which largely focused on inferring
succinct reward functions for use in downstream tasks, here, we focus
on directly learning a policy via imitation, thereby bypassing an explicit
reward learning step. As we have outlined in chapter 2, imitation learning
methods enable one to train reinforcement-learning-style policies by way of
mimicking the state occupancies of a given expert agent. Most approaches
are divergence-based, which can result in optimization objectives that, em-
pirically, are brittle and difficult-to-solve. As an alternative, we explore an
approach based on the sliced Wasserstein distance, with the goal of using
its optimal-transport-based formulation and favorable computational prop-
erties to improve performance. To do so, we formulate a per-state reward
function based on the approximate differential of the sliced Wasserstein
distance, which allows one to apply standard forward reinforcement learn-
ing methods to solve the imitation learning policy optimization problem.
We demonstrate that the proposed method exhibits improved performance
compared to established imitation learning frameworks on a number of
benchmark tasks from the MuJoCo robotic locomotion suite.

5.1 INTRODUCTION

Imitation learning methods aim to recover a policy based on a dataset
of trajectories obtained from an expert assumed to perform the task at a
proficient level. These methods are of paramount importance for obtaining
policies in settings where the specification of a suitable reward function is
difficult—this includes a wide variety of robotics scenarios (Billard et al.,
2008) such as autonomous driving (Pomerleau, 1991; Bojarski et al., 2016)
or dexterous manipulation (Rajeswaran et al., 2018).

Most existing methods can be cast in the framework of distribution
matching—they minimize some notion of distance between the imitation
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learning policy’s distribution of states and actions, and those of the expert.
The classes of f-divergences (Ho et al., 2016; Fu, Luo, et al., 2018; Csiszdr,
1972; Ni et al., 2021) and integral probability metrics (Sriperumbudur et al.,
2009), such as the Wasserstein distance (H. Xiao et al., 2019; Dadashi et al.,
2021; Fickinger et al., 2022), are particularly popular.

Among possible metrics, the Wasserstein distance is an appealing distri-
bution matching objective due to its metric properties and intuitive optimal
transport interpretation. Unfortunately, its computational cost scales poorly
in the dimensions of the state and action spaces. This is because formulating
a Wasserstein-based per-step reward function generally involves comput-
ing a full transport plan. While this can be circumvented by using greedy
approximations (Dadashi et al., 2021), or by reformulating the problem
in terms of the Kantorovich-Rubinstein dual (Arjovsky, Chintala, et al.,
2017; H. Xiao et al., 2019), the resulting optimization problems are generally
challenging to solve.

Sliced optimal transport methods (Santambrogio, 2015) are a class of
techniques for defining computationally-less-expensive alternatives to the
Wasserstein distance. They replace the original, high-dimensional optimal
transport problem with a collection of much-simpler one-dimensional op-
timal transport problems defined via random projections. The obtained
problems are solved via fast sorting-based algorithms. While the result-
ing performance can be limited by how well random projections capture
differences between states (Kolouri et al., 2019), a number of extensions
such as the max sliced Wasserstein distance (Deshpande et al., 2019) or
distributional sliced Wasserstein distance (K. Nguyen et al., 2020) have been
shown to be effective in a number of practical settings.

CONTRIBUTIONS We study imitation learning via the generalized sliced
Wasserstein distances of Kolouri et al. (2019). We use the projection-based
formulation of these distances to derive a per-state reward function, which
we show can be computed straightforwardly via sorting and a simple array
insertion and replacement scheme, and is amenable to maximization via
standard reinforcement learning procedures. We evaluate the resulting al-
gorithm on an array of benchmark tasks from the MuJoCo (Todorov et al.,
2012) suite, and observe improved sample efficiency and asymptotic perfor-
mance compared to a number of adversarial imitation learning baselines. In
total, our algorithm provides a simpler and more computationally straight-
forward alternative to other transport-based imitation learning techniques,
with improved reliability compared to divergence-based approaches.
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5.2 IMITATION LEARNING AND OPTIMAL TRANSPORT

To study imitation learning via generalized sliced Wasserstein distances,
we first define the setting. Let (S, A,7,7,7) be a discounted time-
homogeneous Markov decision process (MDP), where S is the state space,
A is the action space, r : S x A — R is the reward function, 7 is the transi-
tion kernel, and 7 € (0, 1) is the discount factor. Let Q(X’) denote the space
of probability measures over X'. We equip our MDP with an initial state
distribution pp € Q(S) and work with Markov policies 77(-|s) € Q(A),
which are transition kernels that map states to distributions over actions.

5.2.1 Imitation learning via distribution matching

In imitation learning, we are given a set of N expert trajectories assumed

generated by an expert policy 7rg. We denote these by afg\,, where the
subscript (-)1.y denotes a sequence of length N, and each trajectory is
defined as ¢; = (sgl:)Tl,agl:)Ti) with T; being the length of each trajectory.
The algorithm’s goal is to produce a policy 7w which imitates the expert
policy 7tr as effectively as possible, according to some suitable notion which
quantifies the difference between policies, and varies by algorithm. Note
that we do not have explicit access to 7tg, and can only rely on a finite
number of its trajectories for training. We now review typical approaches
to imitation learning.

A natural way to perform imitation learning is by distribution matching.
Here, the idea is to (i) assemble the expert’s trajectories into a (discounted)
expert occupancy measure pr € Q(S x A), and (ii) compute a policy 7
whose (discounted) occupancy measure p; is close to pg. To quantify this,
one introduces a divergence D : Q(S x A) x Q(S x A) — R, which is
non-negative and satisfies D(p,p’) = 0 if and only if p = p’. To perform
imitation learning, one minimizes this divergence numerically, thereby
obtaining a policy 7t which produces similar trajectories to those of the
expert.

The most common choices for D used in practice (Ho et al., 2016; Fu,
Luo, et al., 2018; Ni et al., 2021) lie in the class of f-divergences Dy(p,p") =

E, [cp (%)] , where 5 is the density of p with respect to p’. One generally
proceeds by (i) computing rollouts using 7, thereby obtaining an empirical
occupancy measure fr, and (ii) comparing §, to pr using the divergence. To
perform the comparison in a computationally meaningful way, one typically
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expresses the divergence in its dual form, which transforms divergence
minimization into a min-max problem akin to the one which appears in
generative adversarial networks (GANSs) (Goodfellow et al., 2014). This
min-max problem is approximated using neural networks, and solved
numerically via gradient-based methods. The resulting procedures are
generally known as generative adversarial imitation learning (GAIL) (Ho et
al., 2016), and their computational properties mirror those of GANs. One
can also work with optimal-transport-based distances (H. Xiao et al., 2019;
Dadashi et al., 2021) rather than f-divergences: since these are of key interest
in this work, we proceed to introduce these now.

5.2.2  Optimal transport: Wasserstein distances and their projection-based exten-
sions

We now review the optimal transport formalism, which will be key to the
imitation learning algorithms we study. Here, we are interested in defining
distances between probability distributions p, o’ € Q(X’) over a metric space
X. To define these distances, one can imagine each probability measure
as representing the distribution of some physical material across space,
and consider the distance of transporting material from one distribution to
another. The smallest possible total transportation distance, in an L?-type
sense, defines the Wasserstein-2 distance

1 1

Wa(p,0') = ( inf / d(x, x')?dv(x x’)>2 = (/1 |F; 1 (x) —F,l(x)|2dx> i
’ vel(p,p') J X2 ’ ’ o F e

where I'(p, 0) is the set of all couplings between p and p’, and d is the metric
on X. Here, the second inequality illustrates how the one-dimensional case,
namely X = R with d(x,x’) = |x — x|, simplifies: it can be expressed in
terms of the cumulative distribution functions F, and F,y of p and p". If p and
p’ are empirical measures, this expression can efficiently be computed by
sorting the atoms of both measures, and summing up the sorted distances
between atoms.

In higher-dimensional settings, solving the optimization problem defin-
ing the Wasserstein distance generally becomes more difficult. One can
address this by applying projections, either randomly or according to an
optimization problem, and considering the one-dimensional Wasserstein
distances that result. This results in, respectively, the sliced Wasserstein dis-
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tance (Santambrogio, 2015) and max sliced Wasserstein distance (Deshpande
et al, 2019)

1
g 2
SWialp,p') = ( i W2 (Pi‘p)p,Pi"’)p’)le) (5.1)
MSWa(p,p') = sup Wa(P¥p, PYyp)) (5-2)
Ppesi-1

where §9~1 C R? is the (d — 1)-dimensional sphere embedded within RY,
PW) : R — R is the projection onto the line induced by ¥ € S¥1, (-).
denotes the pushforward of a measure, and integration is performed with
respect to the probabilistic Haar measure on the sphere. Like W,, both
expressions can be shown to define distances on the space of probability
measures, but are significantly more efficient to compute due to their
ability to leverage fast sorting-based algorithms for the one-dimensional
Wasserstein distance.

One can improve performance of the max sliced Wasserstein distance
in an empirically-motivated manner by replacing linear projections with
non-linear ones defined by a neural network. This gives the max generalized
sliced Wasserstein distance (Kolouri et al., 2019)

MGSEW;(p,0') = up Wa (g o, gWp')
c

where g(l/’) : X = R is a neural network with weight space ¥. While here
we no longer necessarily obtain an actual metric, this expression has shown
promising performance in flow-based generative modeling (Kolouri et al.,
2019), and we proceed to investigate its use in imitation learning.

5.3 SLICED WASSERSTEIN IMITATION LEARNING

In imitation learning, our algorithm’s goal is to learn a policy 7 which
induces a state occupancy measure p, that is as close as possible to the
empirical state occupancy measure of the expert pr. We now study how to
do so in the setting at hand.

5.3.1 A reward-based formulation for imitation learning

To perform imitation learning via one of the sliced Wasserstein variants, the
most straightforward approach would be to directly minimize the chosen
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FIGURE 5.1: Illustration of the sliced Wasserstein imitation learning proxy re-
ward function. First, two state transition atoms x?’ and x; are sam-
pled from the environment. Then, we find the closest projected atom,
replace it with x;” or x; , respectively, and compute the difference
of rectangles ay. Here, x;" is an example of an atom which incurs
positive reward and x; an example of an atom which incurs neg-
ative reward when inserted into the sorted array corresponding to
the policy occupancy measure p,. We also show the sorted atoms
corresponding to the expert occupancy measure .

distance via gradient descent. Unfortunately, doing so would require one to
(automatically) differentiate through the transition dynamics, which we only
have black-box access to. To circumvent this, we introduce a proxy reward
function, which is constructed using the chosen distance and designed to
bring the state occupancy measure closer to the expert’s measure when
optimized. We do so as follows.

Let ¥ = S x A be the space of state-action pairs—one can also work
with state-action-state tuples, but we present the most basic variant to ease
notation—and let p; € Q(X) be the empirical occupancy measure of the
current policy, which we compute via a rollout. For a given distance d on
the space of probability measures, define the distance-based proxy reward
function

ra(xt; O, Prr) = d(PE, Pr) — d(PE, tpl(P7, X))

where rpl is defined as the atom replacement function, which removes the
closest atom (with respect to the Euclidean distance on X’) from p, and
replaces it with x;.

The idea behind this definition is to think of r4(x¢; f, fr) as a variant of
a discrete directional derivative, where the objective being differentiated is
d(pg, -) and the direction is the Dirac measure Jy, € Q(X). By performing
a rollout, we obtain a trajectory ¢. We collect rewards at locations where
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shifting the empirical measure g, in the direction éy,, via atom-replacement,
reduces the distance d. Maximizing these rewards over the whole trajectory
will therefore tend to reduce d throughout all parts of state-action space
visited by the trajectory.

To maximize r4, or practical modifications thereof, we apply off-the-shelf
reinforcement learning algorithms such as soft actor-critic (Haarnoja et al.,
2018). Note that, unlike most rewards used in standard reinforcement
learning, r; is policy-dependent: the algorithms we consider extend to this
setting without modifications, and we discuss them further in the sequel.
Our formulation mirrors general use of policy-dependent or non-stationary
rewards in other imitation learning settings such as those of Ho et al. (2016)
and Fu, Luo, et al. (2018) which generally require a density ratio estimate
between the expert and policy measures. By maximizing the respective
rewards numerically, we aim to bring g closer to pr. We now examine how
to select and compute the distance d in our setting.

5.3.2  Computing sliced-Wasserstein-based rewards

To perform imitation learning by way of maximizing the distance-based
proxy reward function, we need to choose a distance: for this, we explore
the use of sliced Wasserstein distances, and study the properties of the
resulting algorithms. To do so, we now examine computational properties
of these distances and the resulting imitation learning procedures defined
by them.

The first step in calculating the proxy reward rgyy, (x;; O, ) is to re-
place the closest atom in ¢, with x;. To calculate the respective sliced
Wasserstein distances, we project the atoms in each measure onto a set
of one-dimensional subspaces defined either using ¥ ~ U(S9~1), or via
the respective maximization problem. Then, we calculate the respective
Wasserstein distance W, by sorting, namely

N
Z y][n

where i[n] and j[n] are the sorted indices of samples of both respective
empirical measures—see Santambrogio (2015) for additional details on
one-dimensional Wasserstein distances and sorting-based algorithms for
computing them in an automatically-differentiable (Blondel et al., 2020)
manner. In practice, the overall procedure takes O(NMlog N) time, where

89



90

IMITATION LEARNING USING GENERALIZED SLICED WASSERSTEIN DISTANCES

N is the number of atoms, and M is the number of projection directions.
Figure 5.1 gives an illustration of this process.

Given the ability to compute the reward function, the next step is to
maximize it. For this, we apply an off-the-shelf reinforcement learning
algorithm. Specifically, starting from an arbitrary initial policy 7y, we
perform a rollout to obtain the empirical occupancy measure p,. We then
perform a reinforcement learning step using the reward rsyy, (-; 0, O, ),
and obtain an improved policy 7.

In practice, one can apply minor modifications of this procedure, if
needed, to account for differences between on-policy and off-policy al-
gorithms. For example, for off-policy algorithms such as soft actor-critic
(Haarnoja et al., 2018) which use replay buffers, one can randomly sample
from g instead of using the whole measure. This simplifies computation by
ensuring the size of the sampled measure matches the number of elements
sampled from the replay buffer at every step.

5.3.3 Comparison of different sliced Wasserstein variants

The key differences between SW,, MSW,, and MGSW; come down to
their formulations: (i) the use of a large set of random projections vs. a single,
optimized projection, and (ii) the use of linear projections, vs. non-linear
analogues defined by a neural network. These differences have important
consequences in practice: the cost of SW, is O(NMlog N) whereas for
MSEW),; is O(NlogN), and for MGSW, it is O(NPlog N) where P is
the number of neural network parameters. Compared to SWp, MSW,
is therefore generally cheaper: however, it is more difficult to capture
differences between measures with only a single projection direction. This
gives the main motivation behind considering MGSW;: its use of a neural
network defines a function ¢(¥) : X — R, which one can hope will better
capture differences through its non-linear nature.

To understand this distinction further, observe that the distribution match-
ing optimization problem defined by MGSW), can be written as a min-max
problem, namely

inf MGSWa(pr, fr) = inf sup Wa(g\"pg, 81"px)

mell we\lf

which illustrates what ¢(¥) does: it acts as a critic which finds a curve that
seeks to concentrate on the part of the space where the measures are the
most different.
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Algorithm 5 Sliced Wasserstein Imitation Learning (SWIL)

1:

9:

require Reinforcement learning algorithm with a policy improvement
step for 7ry.

input Expert trajectories (¢;) ,, initial policy 7y (and any other initial
state needed by the reinforcement learning algorithm), initial MGSW,-
critic ) : X — R4, policy and expert replay buffers with batch size B.

: while below maximum number of iterations do

Compute a rollout (x (¢ >)t 1 using the policy 79, add each element to
the policy replay bulffer.

Sample a minibatch of state-action pairs (ng ))Ezl and (xg?))g
from the policy and expert replay buffers and compute G
(g(‘/’)(ng)))gzl and Gp = (g(‘/’)(xgr)))b ,» which we implicitly in-
terpret as empirical measures.

For each t, replace the closest atom in G, with x;, obtaining

Gr(xt) = 1pl(Gr, xt).

[N

Update ¢(¥) via gradient-based supervised learning using the cross-
entropy loss

B
L= Zlogg("’ Zl—logg (x")
b=1 b=1

with respect to the sampled minibatches.
Perform a reinforcement learning step using the rewards

" Mmgsw, = Wa(GE, Grn) — Wa(GE, Gr(xt))

foreacht=1,..,T.
return learned policy 7.

As formulated, combining equation 5.3.3 with the proxy reward function
of equation 5.3.1 requires one to solve 2T inner maximization problems at
each policy optimization step, where T is either the length of the respective
trajectory, or size of the replay buffer sample. To avoid this, in practice
we learn a single critic function ¢(¥) which is used for all inner maximiza-
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tion problems simultaneously, thereby replacing the sequence of min-max
problems with a single min-max problem as a practical approximation.

This gives Algorithm 5, our proposed practical sliced Wasserstein im-
itation learning algorithm. The Wasserstein distances used involve only
one-dimensional spaces, and are therefore straightforward to compute using
sorting-based algorithms. To ensure g W) is non-negative, we parameterize
its log using neural networks. We now compare this algorithm with its
primary current alternatives.

5.3.4 Comparison with other imitation learning algorithms

In our framework, using generalized sliced Wasserstein distances for imita-
tion learning leads to the minimax problem equation 5.3.3. This minimax
problem bears some resemblance to the ones used by GAIL-like methods,
but differs in crucial ways that we now examine.

The main correspondence between equation 5.3.3 and GAIL-like meth-
ods is that both involve a two-player zero-sum game played by an actor
optimizing over policies 11, and a critic optimizing over neural networks
g'¥) : X — R. However, there are two key difference between these ap-
proaches:

1. What the mapped state-action pairs correspond to. In ¢-divergence-based
GAIL variants, the output of ¢(¥) models the mapped density ratio

¢ (Zi ) In contrast, SWIL's ¢(¥) can be interpreted as a critic which

tries to make different inputs in X’ produce different outputs.

2. How mapped state-action pairs are compared. GAIL variants do so by
averaging the mapped values across the minibatch, whereas SWIL
uses the one-dimensional Wasserstein distance to compare the full
distributions.

Though both GAIL and SWIL result in minimax problems, one can expect
the above distinctions to lead to different training dynamics. First, SWIL’s
critic targets an intuitively easier-to-learn objective, since density ratios can
be difficult to estimate from samples, even in spaces of moderate dimension.
Second, since SWIL compares the full distributions rather than computing
averages, one can expect it to provide a stronger training signal. The main
cost of these changes is that they yield a moderately more-complicated
algorithm, as SWIL requires the use of sorting-based computations.
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5.4 EXPERIMENTS

We now evaluate sliced Wasserstein imitation learning empirically by con-
ducting experiments on a set of robot locomotion tasks from the MuJoCo
(Todorov et al., 2012) suite, using expert demonstrations obtained by rolling
out pretrained policies from STABLE-BASELINES3 (Raffin et al., 2021). In all
cases, we apply a minimum ground-truth cumulative reward threshold to
ensure valid expert behavior. The state space dimension of these tasks is
dim(S) € {8,11,17,111,376}. We evaluate two M GSW,-variants of SWIL:
the one presented in Section 5.3, which we denote by SWIL (QL1), and
a variant which averages rewards with respect to the 10 previous critic
functions in a replay-buffer-inspired manner, which we denote by SWIL
(QL10) and describe in full detail in Section 5.5.

We compare to a number of imitation learning baselines: (i) Discriminator-
Actor-Critic (DAC) (Kostrikov, Agrawal, et al., 2019), an off-policy GAIL-like
algorithm which uses a Lipschitz regularizer for the discriminator networks,
(ii) Primal Wasserstein Imitation Learning (PWIL) (Dadashi et al., 2021), which
uses a greedy approximation of the transport plan, (iii) on-policy GAIL (Ho
et al., 2016) with spectral normalization (Yoshida et al., 2017), (iv) off-policy
GAIL, with and without spectral normalization, denoted by (SN) if present,
(v) adversarial inverse reinforcement learning (AIRL) (Fu, Luo, et al., 2018), an
off-policy algorithm which uses a shaped discriminator structure and (vi)
1Q-Learn (IQL) (Garg et al., 2021), an IL method which foregoes adversarial
optimization by leveraging a reformulation of the IL objective in terms
of the Q-function (Kostrikov, Nachum, et al., 2019). We omit on-policy
GAIL due to poor performance. We use soft actor-critic (SAC) as the same
off-policy forward RL algorithm for all baselines with the exception of
on-policy GAIL which uses proximal policy optimization (PPO) (Schulman,
Wolski, et al., 2017). Further information is in Section 5.5.

5.4.1 Sample-efficiency and asymptotic performance

For the first experiment, we aim to evaluate how effectively SWIL can
recover the performance demonstrated in the expert dataset, compared to
baselines. To do so, we examine how the expert dataset size, in terms of the
number of trajectories, affects each algorithm’s final obtained rewards and
convergence rate. We work with expert dataset sizes of |Dg| € {1,4,10},
where all trajectories have a fixed length of 1000 timesteps.
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FIGURE 5.2: Comparison of imitation learning algorithms on five benchmark
tasks, one for each column. Each row corresponds to models trained
on |Dg| € {1,4,10} trajectories, respectively. A description of each
of the SWIL variants and baselines is given at the beginning of Sec-
tion 5.4.

Figure 5.2 shows training behavior. Overall, we see that SWIL’s reward
curves converge to a level of performance comparable to the expert in all
environments except HALFCHEETAH with ten trajectories. Table 5.1 confirms

Environment ANT HALFCHEETAH  HOPPER Humanoip WALKER2D
Expert 5159.77 8900.85 3607.17 6249.60 4063.81

BC 978.76:+10.23 221.12:448.71 504.56+154.59 347.26+32.13 299.42+15.63
DAC 3553.38+158064  3292.43+1365.91 3400.87+247.88 169.06-+40.84 3433.62+362.73
GAIL (SAC) 4261.13%415.56 2569.26+1179.47 2866.05+760.34 147.39+59.98 2774.17£563.45
GAIL (SAC-SN)  2956.94+697.31 804.24+1441.09 3263.01+540.13 4643.93+220333  3296.62+417.84
AIRL (SAC) 361.58+1424.61 -9.47+382.93 3197.09+614.25 4778.57+404.82 3257.18:+867.42
PWIL 1289.23+697.31 1089.76+923.19 2890.14+430.12 5252.23+156.22 2452.17+856.22

GAIL (PPO-SN)  2143.35+556.98 2863.42+1155.38 2859.98+1114.94  425.114125.65 2648.65+1128.32

SWIL 4338.65+555.83  7481.79-769.22 3585.28:+66.63 5952.09+315.92  3936.35+365.69

TABLE 5.1: Cumulative rewards obtained in each environment, using a single
expert demonstration and 1m timesteps of training. Standard errors
are computed over ten rollouts and five random seeds.
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this: here, SWIL is shown to perform either comparably to or stronger than
baselines in the one-trajectory setting. We also observe that SWIL tends to
converge faster than baselines, thereby exhibiting better sample-complexity
with respect to the number of reinforcement learning timesteps.

In contrast to SWIL, baselines such as DAC and GAIL work comparably-
well in some environments such as ANT and WALKER2D, but fail completely
on HumanoID and the one-trajectory variant of HALFCHEETAH. On the
other hand, AIRL performs best out of the baselines on HumaNo1D. The
only setting where SWIL does not perform at least as well as baselines
is HALFCHEETAH with 10 trajectories—here, we suspect this may occur
due to a more diverse set of expert demonstrations, which one could
potentially handle by extending our formulation to the multi-marginal
optimal transport setting (Cohen et al., 2021). We conclude that SWIL
exhibits competitive imitation learning performance, particularly in settings
with relatively-few expert demonstrations.

5.4.2  Effect of trajectory sparsity

Next, we examine how SWIL is affected by the time gap between transitions.
For this purpose, we consider a single expert trajectory, and select subsets
of it represented by different sparsity factors { € {1,20,100}. This procedure
corresponds to taking every (th timestep in the trajectory. We focus on
the two most-difficult environments, namely ANT and HuMANOID and, as
before, examine each algorithm’s final obtained rewards and convergence
rate. We also examine how SWIL’s choice of measurable space, namely
taking X tobe S, S x A, or § x A x S, affects performance.

Figure 5.3 shows results. We see SWIL performs stronger, compared to
baselines, under sparsity factors { = 20 and { = 100, which correspond
to trajectories with 50 and 10 state-action pairs. We also see that the (S x
A x S)-variant of SWIL always outperforms the S-variant except for the
¢ = 100 setting on Humano1p. The (S x A X §)-variant performs the
strongest under { = 1, both variants perform comparably with { = 20
and on ANT with { = 100, while the (S x A)-variant performs best on
HumanoIp with { = 100, where no other method reaches comparable
performance. Overall, we conclude that SWIL degrades more gracefully
under trajectory sparsity compared to the baselines.
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FIGURE 5.3: Expert data sparsity ({ € {1,20,100}) scaling behavior of algorithms
on ANT and HumaNo1p. Different SWIL variants correspond to dif-
ferent choices of X

5.4.3 Algorithmic choices, ablations, and additional results

Since imitation learning via SWIL requires a number of algorithmic choices,
we include an ablation study to quantify the individual effect of each choice.
In particular, we consider non-SAC RL algorithms including proximal
policy optimization (Schulman, Wolski, et al., 2017), other sliced Wasserstein
variants, and vary implementation choices such as buffer lengths. We also
examine several non-locomotion tasks to assess suitability in other settings.
Details and results are given in Section 5.5.

5.5 IMPLEMENTATION, ABLATIONS, AND ALGORITHMIC DETAILS

We now outline a few of the design choices that need to be considered to
deploy the algorithm. The precise MuJoCo environments used are ANT-v3,
WaLkEr2D-v3, HOPPER-V3, HALFCHEETAH-V3, and HuMANOID-v3. We use
expert baselines from https://huggingface.co/sb3. All experiments were
repeated with 5 seeds to assess variability.

CHOICE OF UNDERLYING REINFORCEMENT LEARNING ALGORITHM.
The algorithm presented in Algorithm 5 relies on an underlying RL algo-
rithm. While the distribution matching problem is easiest to formulate with
respect to an on-policy reinforcement learning agent, we instead adopt
an off-policy actor-critic-based agent—specifically, soft actor-critic—as our
main approach, due to sample efficiency.

As opposed to on-policy adversarial imitation learning methods such as
GAIL, off-policy distribution matching formulations can be more challeng-
ing since the use of replay buffers means that trajectory samples come from
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a mixture of previous policies, instead of the latest policy. This leads to
an optimization problem which matches the empirical occupancy measure
of the replay buffer with the expert—rather than the original formulation
of matching the current policy occupancy measure with the expert. In the
learning from demonstration setting, this has been studied by Kostrikov,
Nachum, et al. (2019) and Zhu et al. (2020), who derive off-policy objectives
via a KL-divergence lower bound.

For sliced Wasserstein imitation learning, the standard on-policy formula-
tion involves computing sliced Wasserstein distances using atoms sampled
from the rollout of a single policy. An off-policy formulation, in contrast,
involves atoms sampled from a replay buffer. Given that off-policy formula-
tions tend to lead to better sample complexity in reinforcement learning, it
is natural to also expect similar behavior in imitation learning.

To understand the differences between how on-policy and off-policy
formulations affect performance, we performed a simple comparison be-
tween three algorithms—on-policy PPO (Schulman, Wolski, et al., 2017),
off-policy TD3 (Fujimoto et al., 2018), and off-policy SAC—on HALFCHEE-
TAH. Figure 5.4 illustrates these differences. We see that SWIL performs
better when used with off-policy algorithms, especially SAC. In contrast,
both GAIL baselines—with and without spectral normalization—perform
worse when used with both off-policy algorithms. At the same time, even
when used with on-policy PPO, SWIL either matches or exceeds the perfor-
mance of both GAIL variants, depending on how many timesteps are used.
In total, we conclude that the differences between on-policy and off-policy
approaches manifest themselves in a similar way to the standard forward
reinforcement learning problem: that is, off-policy approaches can in some
cases lead to better sample-efficiency.

SLICED WASSERSTEIN VARIANTS. To study the effect of using different
variants of the sliced Wasserstein distance outlined in Section 5.2.2, we
compare these methods on the one-trajectory task considered previously.
Figure 5.5 shows results, from which we see that MGSW), exhibits the
strongest performance by a large margin on most environments. The second-
most-competitive variant is MSW,, which, depending on the environment,
either matches or significantly outperforms the remaining two variants.
In turn, these variants—that is, SW; and GSW,—perform similarly. We
conclude that using a maximization-based formulation leads to improved
performance in practice, with a larger degree of improvement if non-linear
projections are used.
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ONLINE ATOM REPLACEMENT. In practice, the rpl-function described
in the main text is implemented as a tentative replacement operator. As the
policy is rolled out, its atoms are tentatively replaced within the sample from
the buffer in order to gather the transition rewards. This allows us to update
the GSWW; estimate in an online manner. This slightly modifies the rewards
obtained for subsequent policy samples, and reduces variability. To quantify
how this and other modifications affect performance, we performed an
ablation experiment. Figure 5.6 shows the effect of this modifications, along
with others described in the sequel, illustrating that this atom-replacement
strategy tends to lead to a modest performance improvement.

VARYING THE NUMBER OF MAX-PROJECTIONS. In the training pro-
cedure outlined in algorithm 5, a single maximum projection is used to
define the MGSW,; distance and the corresponding reward structure. In
the simplest minibatch-based formulation, after the critic is updated, only
the last minibatch is used to provide a reward signal—this is due to the
algorithm’s use of a single critic. To improve performance, one can instead
use multiple critic functions, by performing the same calculation with a
weighted average of previous critic functions. To implement this, the al-
gorithm maintains a FIFO queue of adjustable length. The effect of this
choice can be seen in Figure 5.6, which shows that this modification tends
to modestly improve performance.

CHOICE OF UNDERLYING MEASURABLE SPACE. SWIL can be imple-

mented with respect to at least four different underlying spaces X', namely
S, 8§x A 8§xS,and § x A x S. Figure 5.6 illustrates the impact of this

PPO TD3 SAC

9000

4000 :
T T T 1 T
0 0.5 1.0 0.0

Episode reward

—1000

1 T 1
0.0 0.5 1.0 0.

0.5 1.0

M. Timesteps
Expert GAIL —— GAIL+SN —— SWIL

FIGURE 5.4: Comparison of three model-free forward RL algorithms: PPO (on-
policy), TD3 (on-policy), and SAC (off-policy), on the HALFCHEETAH
environment, and trained using one trajectory.
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FIGURE 5.5: Performance of different SWIL variants. This includes the standard
sliced Wasserstein distance, generalized sliced Wasserstein distance,
max sliced Wasserstein distance, and max generalized sliced Wasser-
stein distance. The comparison has been made using a single expert
trajectory.

choice. From this, we see that spaces with higher dimensionality—for in-
stance, S x A x S as opposed to S—improves the asymptotic performance
significantly for ANT, but has a much more modest effect on HumanoID,
mirroring the results seen in Section 5.4.2.

ADDITIONAL ROBOTIC MANIPULATION ENVIRONMENTS. In addition
to the MuJoCo locomotion suite experiments performed in the main text,
we also performed a comparison of our method on two additional tasks:
ADROITHANDDOOR-v1 from the Adroit Dexterous Hand manipulation (Ra-
jeswaran et al., 2018) suite, and FRANKAKITCHEN-v1 from the set of kitchen

Humanoid
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4000 5600
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2000 ¢ * * 2800
1000 t 1400
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nora_QL:5_.SO M nora_QL:10_.SA M nora_QL:1_SASD ra_QL:5.SO M ra_QL:10_.SA M ra_QL:1_SASD
nora_QL:10_.SO M nora_QL:1_.SAS B nora_QL:5_.SASD M ra_QL:10.SO B ra_QL:1_SAS M ra_QL:5_.SASD
nora-QL:1.SA M nora_QL:5_SAS nora_QL:10_SASD M ra_QL:1.SA B ra_QL:5_SAS ra_QL:10_SASD

FIGURE 5.6: Ablation of SWIL hyperparameters for best evaluation runs on
ANT-v3 and HumaNOID-v3. The legend format is as follows: ra de-
notes the atom replacement, QL:x denotes the number of projections
used and sa the choice of measurable space. The models are trained
using a single trajectory with subsampling factor ¢ = 20.
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FIGURE 5.7: Comparison of imitation learning algorithms on AprorTHAND and
FRANKAKITCHEN tasks.

object reaching tasks for the Franka robot manipulator (Gupta et al., 2020).
The Adroit tasks are more difficult compared to most MuJoCo tasks, due to
(a) the randomized goal state, which requires the agent to generalize over
the distribution of the goal states, (b) the high action space dimensionality,
and (c) the sparseness of rewards. For imitation learning, we obtained 10
expert trajectories for each of the tasks from the D4RL (Fu, Kumar, et al.,
2020) offline RL dataset with a subsampling factor ¢ = 1. Figure 5.7 shows
performance results, where we we can observe that SWIL shows promising,
near-expert performance on the AbDROITHANDDOOR task, but not on the
FRANKAKITCHEN task, where SWIL suffers from high variance and performs
poorly in a manner that mirrors the two GAIL-based baselines.

HYPERPARAMETERS. These are as follows:

1. Network. We use 2-layer neural networks with a hidden layer size of
256 and Tanh activation layers for the SAC policy and Q-functions
used as forward RL solvers in all the experiments. We use the same
architecture with a smaller hidden size of 128 units for both the SWIL
critic and ¢-divergence based discriminators.

2. Optimizer. We use the Adam optimizer with a learning rate of #,; =
3e~* for the SAC policy updates and 77 = le~? for the Q-function
updates. We use 7, = 3e~* for the SWIL critic and ¢-divergence
discriminator updates.

3. Baseline regularization parameters. We generally use the baseline hy-
perparameters provided in the respective works. For DAC, we use
a Lipschitz penalty with coefficient A}, = 10.0. For spectral norm
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regularization of GAIL, we use a number of power iterations equal
to 1. For PWIL, we set the reward scale « = 5.0 and reward band-
width B = 5.0, which corresponds to the reference values provided by
Dadashi et al. (2021). Similar to other imitation baselines, we do not
pre-fill the replay buffer of the actor-critic algorithm for PWIL using
expert demonstrations.

All algorithms considered in this work have been implemented using an
extension of the CLEANRL (S. Huang et al., 2022) framework. We provide
our implementation at github.com/iov9000/cleanrl.

5.6 CONCLUSION

In this chapter, we introduced a family of distribution-matching algorithms
for imitation learning using sliced Wasserstein distances, which lead to
efficient computations based on sorting. We showed how to compute a
proxy reward function defined using these distances, including a practi-
cal approximation suitable for minibatch-based settings. On an array of
robot locomotion tasks, we found the resulting algorithm, in most cases,
to both (a) either match or exceed the performance of standard imitation
learning baselines, and (b) to require less interactions with the environ-
ment to achieve good performance. Overall, our results suggest that the
sliced Wasserstein distances are a promising alternative to divergence-based
imitation learning approaches.

APPLICATION TO DIGITAL TWIN ASSISTANCE PIPELINE When applied
in the context of the surgical assistance pipeline studied in chapter 3, SWIL
favorably compares to divergence-based imitation learning methods such
as GAIL. The improved sample-efficiency and data-efficiency enable the
training of assistive policies using a smaller number of expert trajectories
and less interactions with the environment.

101






CONCLUSION

You cannot create experience. You must undergo it.
— Albert Camus

6.1 FINDINGS

In this dissertation, we have explored the development of an innovative
algorithmic pipeline designed to provide surgical assistance to novice
trainees through the use of reinforcement learning agents. These agents are
specifically trained to encapsulate expert knowledge, which they acquire
by learning to estimate both the expert’s policy in a surgical environment
and the underlying intentions behind the expert’s actions by way of reward
inference.

We have successfully demonstrated in two distinct surgical settings that
the algorithms developed can effectively evaluate and assist human trainees.
The reinforcement learning framework employed here offers a system-
atic approach to modeling trainee behavior in simulated environments.
To enhance this framework further, we have introduced two novel algo-
rithms focused on inverse reinforcement learning and imitation learning,
expanding the capabilities and reach of our pipeline.

The first of these algorithms addresses the challenge of learning from
diverse demonstrations. By adapting the principle of causal invariance to
the inverse RL setting featuring demonstrations with intrinsic label noise,
this method significantly enhances the generalization capacity of inferred
reward functions across a variety of environmental conditions. In the sur-
gical training context, this approach could translate to providing more
robust training signals that are adaptable to different human anatomies,
thus ensuring consistent learning outcomes despite anatomical variations
among patients.

As a second methodological development, we introduced a novel imita-
tion learning framework, named the sliced Wasserstein imitation learning
algorithm. The framework introduces a novel reward structure by utiliz-
ing atom measure replacement to approximate the first-order variation
of the sliced Wasserstein distance functional. By leveraging the geomet-
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ric properties of the Wasserstein distance, this method achieves superior
performance compared to existing divergence-based adversarial imitation
learning techniques in terms of sample efficiency.

Overall, this dissertation contributes significantly to the field of computa-
tional surgery by integrating sophisticated reinforcement learning strategies
into surgical training. These developments not only pave the way for more
effective and adaptive training tools but also demonstrate the potential
of machine learning technologies to revolutionize how surgical training
is conceptualized and delivered. Through these innovations, we aim to
equip medical professionals with the knowledge and skills necessary to per-
form surgeries with greater confidence and precision, ultimately enhancing
patient outcomes.

6.2 FUTURE WORK

Looking ahead, there are several promising directions for further research
based on the topics discussed in this thesis. We will outline specific avenues
that could be pursued for each of the presented chapters.

6.2.1 Surgical Assistance Pipeline

The algorithmic pipeline for surgical assistance presents a number of op-
portunities for continued research and development. Here are several key
areas where future studies could have significant impact:

¢ Addressing Safety in IRL: While the simulated environment is inher-
ently safe, the policy used to generate path suggestions does not, at
present, explicitly incorporate this concept. More generally, address-
ing safety in an IRL setting requires the definition of safe state space
regions. This involves ensuring safety at training time, requiring the
restriction of the policy exploration to a safe region of the state space.
One such formalism is the class of Constrained Markov Decision
Processes (CMDP) (Altman, 2021), where the learning problem is
enhanced with a set of constraints describing violations of safe policy
behaviour. In this context, it has recently been shown, that disentan-
gling the inferred reward signal from the inferred constraint signal is
a challenge (Lindner et al., 2024).

Potential methods could include the following strategies. Restricting
the base measure term in eq. (4.5) to better estimate the support of
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the expert would enforce a more constrained sampling distribution
in the online imitation and IRL setting as presented in chapter 2.
Another option would be to learn from failures — e.g. episodes which
end in anatomy collision. Assuming this weak supervision signal is
accessible, an empirical measure of failure states could be constructed
in order to define a distance to the policy occupancy measure. By
maximizing this distance, the policy is steered away from failure
states. Further incorporating a constraint on the number of anatomy
collisions could be tackled using Bayesian optimization methods
(Shahriari et al., 2015).

Offline Imitation Learning: Access to a simulated environment can
often be a strong assumption, while large amounts of sequential de-
cision data may be available from various sources. This scenario is
tackled by offline RL Levine et al., 2020 methods — here, RL policies
are trained on data previously gathered in a MDP setting without
interacting with the environment. This RL modality is challenging
due to the distribution shift issue Kumar et al., 2020 arising from lack
of support estimation when compared to the online setting. Offline
imitation learning methods rely on estimating (discounted) station-
ary distribution ratios(Kostrikov, Nachum, et al., 2019; G.-H. Kim
et al., 2021) to directly infer a value function associated with expert
behaviour. This approach could leverage vast amounts of historical
surgical data to improve the algorithms without the need for active
data generation, thus speeding up the learning process and reducing
costs. Investigating the effectiveness of offline RL strategies in sur-
gical settings could bridge the gap between simulated training and
real-world applications.

Validation of the Pipeline Using Human Practitioners: A critical
step in the development of any medical technology is its validation
with human practitioners. For the surgical assistance pipeline, it is
essential to validate the system using standard clinical performance
tests such as GOALS (Global Operative Assessment of Laparoscopic
Skills) (Melina C Vassiliou et al., 2005b) or GEARS (Global Evaluative
Assessment of Robotic Skills) (Goh et al., 2012). These tests would
assess not just the alignment of the system’s outputs with expert
evaluations but also the interpretability and explainability of the
recovered rewards. This validation would help ensure that the system
is not only effective but also understandable and trustable by its
human users.
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6.2.2 Learning Causally Invariant Rewards

The causal invariance regularization proposed in chapter 4 is anchored in
the invariant risk minimization (IRM) principle, as detailed by (Arjovsky,
Bottou, et al., 2019). While the IRM principle aims to enhance generalization
by focusing on features that are invariant across different environments,
studies such as (Rosenfeld et al., 2020) and (Ahuja, ]. Wang, et al., 2020) have
demonstrated that it may lead to overly conservative feature representations.
Additionally, IRM does not always effectively address certain types of
spurious correlations, as indicated in (Ahuja, Caballero, et al., 2021), which
limits its applicability in more complex causal settings.

We envision future work to include alternative methods of enforcing
causal invariance in the context of IRL. Among others, anchor regres-
sion (Rothenhdusler et al., 2021) could be a viable candidate due to its
distributional robustness properties. Furthermore, the regularization hy-
perparameter is strongly data and environment dependent. Finding an
automatic tuning procedure would significantly improve the applicability
of the method.

6.2.3 Sliced Wasserstein Imitation Learning

In chapter 5, we introduced a novel imitation learning method that leverages
the sliced Wasserstein formulation of optimal transport. Specifically, we
proposed an innovative approach to compute the reward as the approximate
first-order variation of the sliced Wasserstein functional with respect to
the occupancy measure. This method provides a more nuanced way of
capturing the differences between expert and agent behaviors, enabling a
deeper and more precise alignment of the agent’s actions with those of the
expert.

One promising direction is to extend the proposed method to a more
general optimal transport framework, which estimates a transport plan.
Alternatively, one could leverage the dynamical OT formulation described
in chapter 2 to align the local policy updates with the Wasserstein gradient
flow defined between the policy and the expert occupancy measures.

6.3 CONCLUDING REMARKS

In conclusion, this thesis has successfully demonstrated the feasibility
and effectiveness of using reinforcement learning based approaches in the
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context of surgical training. We have proposed two novel methodological
approaches which extend beyond the applied setting and may be of use in
the greater scope of teaching artificial agents e.g. in robotics. This thesis
further enables a number of exploration avenues, some of which we’ve
outlined in this concluding section.
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APPENDIX

A.1 BACKGROUND SECTION PROOFS

We restate the proofs of theorem 1 by (Schulman, Levine, et al., 2015) and
theorem 2 by (Syed et al., 2008) for completeness.

Theorem 1 ( Schulman, Levine, et al., 2015). Let G(7t) be the discounted
empirical return of policy .

dey o

G(r') > L(7') — sz

where
e = max | An(s,0)| & = mex Dry(oa(-[5) || oo 15

and Ly (7') = G(7to10) + Y 0y (5) Y 7' (a]s) Ar (s, a)
s a
Proof. Define the returns for any stationary policy 7 and 7:

G = (1+’)/p7r+(’)’P7r)2+) = (1—’)/1)7{)71,
G=0+9Pz+ (7Pz)*+...) = (1—9Pz)"L

We will use the convention where p (a density on state space) is a vector
and r (a reward function on state space) is a dual vector, thus rp is a scalar
representing the expected reward under density p. Note that 1(77) = rGpo,
and 77(7) = rGpg. Let A = Py — Pr. We aim to bound #(7) — () = (G —
G)po. Starting with some standard perturbation theory manipulations:

G '—G 1= (1—-7Pr)— (1—9Px) =7A. (A1)
Left multiply by G and right multiply by G:
G — G = 1GAG. (A.2)
Substituting the right-hand side into G gives:

G = G+7GAG + v*GAGAG. (A.3)
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So we have:
1(7) —n(7) = (G — G)py = 1GAGpo + 1*rGAGAC).  (A4)

First, consider the leading term yrGAGpy. Note that rG = v, the infinite-
horizon state-value function, and Gpg = p”. Thus:

YrGAGpy = yoAp™. (A.5)

This expression equals the expected Trust Region Policy Optimization
advantage L™ (7) — L™ (m):

L™(71) = L™(mr) = }_p"(s) }_(7(als) — 7(als)) A” (s, a)

—ZP Z (as) — 7tq(a +ZP s, a)yo(s") — o(s)
=2 0" (s) Y.} (7(als) — 7(als)) p(s ISfa)”rv( )

=L O L (P ls) ~ 1 (15) r0ls') = yonp™

Next, let us bound the O(A?) term 7**GAGAGp. First, we consider the
product y*GA = yvA. Consider the component s of this dual vector. We
have:

Y (7(s,a) — 7i(s,2))Q"(s,a)

a

[(yol)s| =

=|) _(7(s,a) — (s, a)) A7 (s,a)

a

<Y |7(s,a) — 7i(s,a)| - max |A" (s, a)]

< 2ue (A.6)

where the last line uses the definition of the total-variation divergence, and
€ = maxs, |A™(s,a)|.
We bound the other portion GAGp using the ¢; operator norm:

JAlL = { ”m”l } (A7)

. 1
where |[G[l1 = [[G[l1 = T— and A}y = 2a. (A.8)

~ 1 1
i < - : ,
That gives ||GAGp||; < T 20 T 1 (A.9)
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Thus, we have that:

Y [rGAGAGp| < 7[|7rGA||||GAGP 1
< 7|[70A ||| GAGP||1

20
S v - 2n€ s ——m—
(1—=7)?
4yen?
- (1’-};77)2 (A.10)
O

Theorem 2 ( Syed et al., 2008). Suppose p is the occupancy measure of 7t(a|s) =
p(sa)
Zslrﬂ/ p(s’,a’)

The 7r-specific Bellman flow constraints are represented by the following
linear system where the variables ps; are unknown:

. Then, 7t is the only policy whose occupancy measure is p.

psa == 7-[5”0(5 + 7'[54')/ Z pslales/uls (A.ll)

s'a

Osa > 0 (A.12)

Lemma 1. For any stationary policy 7t, the occupancy measure p™* of 7t satisfies
the rt-specific Bellman flow constraints eq. (A.11) - eq. (A.12).

Proof. pll, is non-negative for all s,a by definition, thereby satisfy-
ing eq. (A.12). For eq. (A.12), plugging in the definition of pJ, =
E [Y20 7' 1(st = s Aay = a)|po, 71, 6] gives:

o =E lz Y 1(sy =sAay = 11)] (A.13)
=0
= Z Y Pr(s; = s,a; = a) (A.14)
=0
= Mo+ Y Y'Y Pr(si = 5, a1 = a') 0y p570a (A.15)
t=0 s'a'

= Tlsabo + TTsa’y Z E

Y A1(ss=5"Nay = a’)} O (A.16)

s’ ,a t=0
n
= Tlsalto + 7TTsa”Y Z X050 (A.17)
s al

O
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Lemma 2. The rt-specific Bellman flow constraints eq. (A.11) - eq. (A.12) have at
most one solution.

Proof. Define the matrix A(sa,s'a’) as:
A(sa,s'a’) = 1= 1Oyas7sa i (s,0) = (s,4"),

A otherwise.

and the vector by, = 7sa5. (Note that A and b are indexed by state-action
pairs.) We can rewrite eq. (A.11) - eq. (A.12) equivalently as:

Ax =D, (A.18)
x> 0. (A.19)

The matrix A is column-wise strictly diagonally dominant because
Yo o Osas =1, ¥y sa = 1, and y < 1. Hence, for all s/, a":

Z’YGSWSHM =ry<1l= (A.20)
s,a

1 — YOs s TTs1 00 > Z VOt 41TTs0 = (A.21)

(s,a)#(s"a")
|A(s'd,s'a")| > ) |A(sa,s'd")]. (A.22)

(s,a)#(s"a")
This implies that A is non-singular (Horn et al., 2012), so (A.8) - (A.9) has
at most one solution. O

We will now state the proof of Theorem 2.

Proof. For the first direction of the theorem, assume that x satisfies the

Bellman flow constraints (5) - (6), and that 75, = Zps;sa‘ Therefore:

Tlsq = Psa = Psals + Y Z Xgta'Osats- (A.23)

Zu Osa o a

Clearly, x is a solution to the 7t-specific Bellman flow constraints (12) - (13),
and Lemmas 2 and 3 imply that x is the occupancy measure of 7. For the
other direction of the theorem, assume that x is the occupancy measure of
7. Lemmas 2 and 3 imply that x is the unique solution to the 7m-specific
Bellman flow constraints eq. (A.11) - eq. (A.12). Therefore, 7 is given by
(16). And since ), 715, = 1, we have:

Y psatts +7 Y XgpOyas =1 (A.24)
a

s a
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which can be rearranged to show that x satisfies the Bellman flow con-

straints, and also combined with (16) to show that 75, = Zp s; . O
a Msa
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A.2 FASTRL: APPENDIX

DETAILS OF EXPERIMENTAL SETTINGS In this section we present a
number of additional details pertaining the experiments performed in

chapter 3.

ADDITIONAL RESULTS This section provides a number of additional

evaluations pertaining to the FASTRL pipeline described in chapter 3.

Expert Agent Expert Novice | Novice Il
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FIGURE A.1: Trajectory projection comparison for ImageCentering.
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FIGURE A.2: Trajectory projection comparison for TraceLines.

COMPUTATIONAL RESOURCES The experiments were executed on a GPU
server equipped with Intel Xeon Gold 6150 and AMD EPYC 7742 CPUs and
NVIDIA GTX1080Ti GPUs. The average running time per experiment are
shown in table A.6. For the experiments in section 3.4.1, we use an extension

of the Unity ml-agents framework as algorithmic implementation.

API DESCRIPTION  We provide an interface to algorithm implementations
of two popular frameworks: an extension of the ml-agents (Juliani et al.,
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Hyperparameter ImageCentering Periscoping TracelLines
Batch size 256 1024 1024
Rollout buffer size 20480 20480 20480
Learning rate 5e-4 5e-4 5e-4
Entropy bonus p 0.01 0.01 0.01
Clipping threshold e 0.2 0.3 0.3
GAE A 0.95 0.95 0.95
Number of epochs 3 3 3
LR schedule const const const
Network settings

Normalise input true true true
Number of hidden units 128 128 128
Number of layers 2 2 2
Reward signals

Extrinsic v 0.99 0.99 0.99
Extrinsic weight 1.0 1.0 1.0
Curiosity y 0.99 0.99 0.99
Curiosity weight 0.15 0.2 0.1
Curiosity learning rate 3e-4 3e-4 3e-4
Curiosity hidden sise 128 128 256
IRL settings

v 0.99 0.99 0.99
Strength 1.0 1.0 1.0
Hidden size v 512 512 512
Learning rate 3e-4 3e-4 3e-4
Use actions false false false

TABLE A.1: PPO hyperparameters used for section 3.4.1 experiments
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Hyperparameter ImageCentering Periscoping Tracelines
Batch size 256 1024 1024
Replay bulffer size 100000 100000 100000
Learning rate 3e-4 3e-4 3e-4
Initial temperature 0.2 1.0 1.0
T 0.005 0.005 0.005
Steps per update € 20 20 20
Steps per update € 20 20 20
LR schedule const const const
Network settings

Normalise input true true true
Number of hidden units 128 128 128
Number of layers 2 2 2
IRL settings

Y 0.99 0.99 0.99
Strength 1.0 1.0 1.0
Hidden size 256 256 256
Number of layers 2 2 2
Learning rate 3e-4 3e-4 3e-4
Use actions false false false

TABLE A.2: SAC hyperparameters used for section 3.4.1 experiments

Agent ID Ty Vo Thewr  Trajectory length
fw 099840002 0.68010.104  0.99910.0002 96647820
fm 0.610:0034  0.77310.180 0.742.0016 1180.5+104.9
an 0.654:0046  0.40810213 0.7290.030 1053.5+1303
io 046240302 049910254 0.38440278 1646.549253
mk 0.61140079  0.54310235 0.634.0.106 114041979
mv 0.684.:0008  0.402.10.083 0.529.0,095 9561345

TABLE A.3: Trajectory scores for human and virtual agents (rewards and values
normalised) on the ImageCentering task
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FIGURE A.3: Comparison of forward and inverse RL experiments: Cumulative
reward for ImageCentering (ic), Periscoping (pe) and TracelLines
(tl) environments.
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FIGURE A.4: Example expert trajectory for Periscoping task. The shaded semi-
sphere indicates the dome. The green dots indicate the five target

positions.
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Agent ID Ty Ve Theur Trajectory length
fw 0.985:0007  0.97510015  0.99910.0002 4548.8..8815
fm 0.668+0.006 0.630-0,045 0.677 +0.006 3705.64455
an 049540072 0.28110.039 0.476.40.065 2295.3 14502
io 0.39940260  0.29310232 0.389.0.266 4310.8.1854.6
mk 0.518:0150  0.544.10,051 0.542.0.071 3237.6.506.27
mv 0.363+0067  0.43910.119 0.407 10,037 4224042552

TABLE A.4: Trajectory scores for human and virtual agents (rewards and values
normalised) on the TraceLines task

Subject Ty Vo Theur Traj. length
Expert 0.98.10.06 0.9310.04 0.95.10.04 1475.33 169.16
Intermediate 0»81i0.06 0-76i0.06 0-34i0.026 12790:128.88
Poor 0.40+013  04li011  0.1310037 7204119286

TaBLE A.5: Normalised scores (heuristic and learned rewards and values) for
human trajectories: Expert, Intermediate and Poor on ImageCentering
task

2018) framework for the PPO with curiosity exploration algorithm and the
inverse RL algorithms as well as stable-baselines3 (Raffin et al., 2021) for
a more broad selection of baseline forward RL algorithms. Furthermore, the
simulation parameters such as heuristic reward weights, target positions
and curricula are exposed to the user as well. For the full documentation,
we refer the reader the project website: fastrl.ethz.ch.

This section provides an overview of the data used in the context of the
surgical assistance pipeline.

FAST DATASET. For the purpose of skill performance evaluation, a dataset
was obtained by subjects performing the three benchmark tasks using the
simulator platform. Five subjects with different levels of expertise were
invited to perform each of the three benchmark tasks for a total number
of 5 repetitions. The trajectories were recorded according to the state space
specification described in section 3.3.3. Two subjects were already very
familiar with all tasks and are considered as Experts, while others with
little or no experience with the simulation are considered as Novices as
shown in table A.7. Additionally, the participants are graded based on the
length of their performed trajectories. This metric coincides with the default
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Algorithm ImageCentering Periscoping Tracelines
PPO 143 151 149
SAC 186 197 194
GAIL (PPO) 202 229 226
AIRL (PPO) 180 192 182
GAIL (SAC) 285 321 304
AIRL (SACQ) 242 239 243

TABLE A.6: Overview of the average algorithm runtimes (in minutes per 1M
environment interactions) for the different benchmark environments.

Subject ID Expertise  Trajectory length

fm Expert 1600.64.971.0
an Expert 1929.2 4577 4
mk Novice 2578.517458
mv Novice 3313.51665.5
io Novice 4290.8- 1981

TaBLE A.7: Participant performance ranking

heuristic used by the VirtaMed simulator platform. For the evaluation per-
formed in section 3.4.2, the subjects used the physical hardware described
in section 3.5, recorded using a magnetic sensor, which tracks instrument
movement. In the second evaluation, the keyboard-and-mouse interface
was used to record the trajectories.

LAPAROSCOPIC DIAGNOSTIC TOUR DATASET. The diagnostic tour
dataset used in section 3.4.3 was gathered using the laparoscopy simu-
lator, where users were asked to perform a guided diagnostic tour of the
abdomen with a fixed sequence of anatomical landmarks highlighted on
screen. A total of 100 trajectories from a diverse set of experienced prac-
titioners were obtained. The average reported proficiency based on the
simulator evaluation (max. attainable score 150) was 128.24 &+ 18.32 points.
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A.3 CI-IRL: APPENDIX
A.3.1  Proposition proofs

Proposition 1. Let the likelihood p(&) belong to a natural exponential family with
parameter , sufficient statistics ¢(x) and the (Lebesgue) base measure py. Let
Dt be the dataset corresponding to interventional setting e. Then, for all e € &y,
the causal invariance penalty for the maximum likelihood loss is the norm of the
expectation difference of features @:

D (9, ;e) = [|Vyjyp—1.0L (¥, @) | = |[[Epg [9(5)] — Epiejg) [0 (@)
(4.15)

Proof. The result directly follows from the definition of the primal problem.

Vp=10L (%, 9) = Vy <1Ece7>e [10% <zj,¢ eXp("’Tq’@)))D

= Ecen, [Vy(t7p(0) ~ log Zyy)]
= Epg [p(&)] - Vylog Zy
=B [¢(8)] — Epziy [9(6))]

where we use the moment generating property of the log partition function
Vylog Zy,p = Epey) [9(S)]- O

Proposition 2. The gradient of the primal exponential family maximum-likelihood
problem in Equation (4.3) w.r.t. the natural parameter  is equivalent to the
gradient of the dual in Equation (4.5) w.r.t the parameter  when the density ratio

ﬂ . .
p 1S unity.

Vg Lawar (P, @,q,¢)|l2 = (4.17)

7(6) )q)(c)} I

||mén]Eg~DE[‘P(§)] Ezvp(lyg) { Cly, o

Proof. We begin by computing the gradient of

min [Ezwps [89,0()] — Eznglgy,p(8)] + Drr(ql|po)]
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w.r.t. to the parameters i for setting e € &

vl/ﬂcdual (lIJ' ¢4, 6)
= le(m%n [Ez~ps [89,0(0)] — Ezngl8y,0(6)] + Dxr(qllpo)])

2V (min (B, [39,0(2)] — Enalgn(§)) + H(@))

) m%n [V (Eznpy (81,0 (8)] — Ezngly,o ()] + H(q))]

2 min [Eg..p; [V y2,0(8)) — Eggl Vo300 (0]

where we use: (1) the fact that we assume the base measure pg to be the
Lebesgue measure (or count measure in the discrete case), i.e. po(¢) = 1,
(2) the envelope theorem and (3) the fact that g does not directly depend on
¢ and thus, VH(q) = 0. We can rewrite the second expectation using the
importance sampling trick:

m{iin Eyp; [(8)] — Exw[?’(é”
q(5)

pClY, ¢)

By definition of the distribution matching problem and strict concavity
w.rt. g, the optimum is attained when q(¢) = p(¢|¢, ¢), i.e. when the
importance sampling ratio is 1.

= m'ian Epg [0(0)] = Ervpelpg) [ (P(g)}

O

A.3.2  Derivation of the penalty term for feature matching IRL

To apply the proposed regularization to the feature matching problem
described in algorithm 3, we need to derive an explicit gradient term. We
will do so here. The gradient of the per-environment log-likelihood loss

Lmie($, ¢,e) = Leep, log p(El, ) w.rt. to ¢ is computed as follows:
Lyuie =Y logp(Zlp,9) = Y log(exp(p'¢(8))) —log Zy,e
zeD, zeD,

=Y 9 (&) —logZy,

¢eDe
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Differentiating w.r.t. ¢ yields:

T~ Enlp(@)] - 7,— [ ey o@Dz

= Ep.[¢(O)] — Epey) 9]

The gradient penalty term from Equation (4.15) with respect to the features
@ is derived as follows:

oL (r(¢,)-
|| 2Ll |y o2
o9

2
Vo [Tytporolt r(@,0))| =
We employ the chain rule:

AL (r (p,¢)) _ oL (r(¢,9)) 9(r(¢,9)) _ L (r (4, 9))
oY or oy or

¢

where the last equality holds because we assume a linear reward with
respect to the features ¢: 7 (1, ¢) = 7 ¢. In section 4.2.1 we showed that :

WG D) _ gy g(0)] -~ Eygyp)0(2)

where Ep,_[¢({)] are the trajectory feature statistics of the expert and
E [¢(&)] are the trajectory feature statistics of the imitation policy. For
the sake of simplicity we define: C := Ep,[¢(¢)] — E, ¢4 [¢(¢)) which is
independent of ¢: Then:

aL® (r (¢, ¢))
oy

We obtain the CI penalty for the feature matching maximum entropy IRL
case as the following term:

oL (r(¢.9)") 2
¢ 2 =5 lyly=10ll® 3 Co|?
ngHVW:mL (V(llﬂffl)))H = 5 =
_ 9[Cql" [Cq]
dg

doT
= TSt =2l g = 2lloe ~ [og] [Py
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A.4 RL ENVIRONMENT DETAILS

This section provides an overview of the environment specifications used
in training the imitation and IRL agents in chapter 4 and chapter 5.

MUJOCO LOCOMOTION SUITE The MuJoCo (Todorov et al., 2012) loco-
motion benchmark is a performance assessment tool used in robotics and
Al research, focusing on the simulation of complex movements and behav-
iors in robotic agents. It utilizes the MuJoCo physics engine, renowned for
its accuracy and efficiency in simulating the dynamics of biomechanically-
inspired robotic systems. The benchmark tasks typically involve controlling
virtual robots to achieve various locomotive goals, such as walking, running,
or jumping across different terrains or obstacles. These tasks are designed
to test the agility, stability, and control strategies of the robots, providing
valuable insights into their potential real-world applications and perfor-
mance. Specifically, we use five tasks from this suite, listed in increasing
order of state-space dimensionality: HOPPER, HALFCHEETAH, WALKER2D,
ANT, and HuMANOID.

FIGURE A.5: MuJoCo Locomotion Suite environments. From left to right: Hop-
PER, HALFCHEETAH, WALKER2D, ANT, HUMANOID

ADROIT HAND MANIPULATION The Adroit dexterous hand manipu-
lation suite of tasks (Rajeswaran et al., 2018), part of the D4RL dataset
(Fu, Kumar, et al., 2020), is a comprehensive set of benchmarks designed
to evaluate robotic hands’ ability to manipulate and interact with various
objects. The tasks encompass a range of activities from basic object handling,
like picking up and moving items, to more complex actions such as tool use
and object reorientation. Each task is aimed at testing the robotic hand’s
control algorithms, finger coordination, grip strength, and adaptability to
different shapes and textures, making it a critical tool for advancing robotic
dexterity in real-world applications. The tasks feature a high-dimensional

123



124 APPENDIX

action space and randomized goal positions, requiring a high generalization
capacity of policies performing the task.

4

FIGURE A.6: Adroit Hand Manipulation Suite environments. From left to
right: ADROITHANDDOOR, ADROITHANDPEN, ADROITHANDRELO-
CATE, ADROITHANDHAMMER

FRANKA KITCHEN MANIPULATION TAsKS The Franka Kitchen bench-
mark suite of tasks (Gupta et al., 2020) is a specialized set of evaluations
designed for testing robotic manipulation in a kitchen environment. This
suite, which uses the Franka Emika Panda 7-axis robot arm, aims to sim-
ulate common manipulation tasks that require a high degree of precision
and adaptability. The tasks include activities such as opening and closing
drawers and cabinets, turning on appliances, and manipulating kitchen
utensils and cookware. The goal of these tasks is to assess and improve
the robot’s ability to perform complex, multi-step actions in a dynamic,
semi-structured environment, mirroring the challenges faced in real-world
domestic settings. The task is challenging in the imitation learning setting
due to a relatively small subdomain of success states.
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F1GURE A.7: Franka Kitchen Robotic Manipulation environment. The task en-
tails performing a sequence of manipulation tasks in the kitchen
environment: open the microwave door, move the kettle and turn off
the switch.
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