
Unsupervised Skill Discovery with Empowerment
By

Andrew Levy

Thesis

Submitted in partial fulfillment of the requirements for the Degree of

Doctor of Philosophy in the Department of Computer Science at Brown

University

PROVIDENCE, RHODE ISLAND

October 2025



© Copyright 2025 Andrew Levy



This dissertation by Andrew Levy is accepted in its present form by the Department of
Computer Science as satisfying the dissertation requirement for the degree of Doctor of

Philosophy.

Date
George Konidaris, Advisor

Recommended to the Graduate Council

Date
George Konidaris, Reader

Date
Michael Littman, Reader

Date
Peter Stone, Reader

Approved by the Graduate Council

Date
Janet A. Blume, Dean of the Graduate School

iii



This work is dedicated to my family.
To my parents, who taught me to value curiosity and hard work.

To my wife, Ali, whose love and sacri�ce made this journey possible.
And to my children, Theo, Esme, and Ellis, may your lives be a joyful and unending

search for truth.



Acknowledgments

This thesis would not have been possible without the support of several key individuals.

I am deeply grateful to my advisor, George Konidaris, for granting me tremendous freedom

over many years to fully explore the niche idea of empowerment. I am also indebted to my

mother and father-in-law, Julie and Tom Garmisa. Your steadfast presence and support

have been a pillar of strength for our family, making this achievement possible.

v



Abstract of Unsupervised Skill Discovery with Empowerment, by Andrew Levy, Ph.D.,

Brown University, Date: August 27, 2025.

Unsupervised skill discovery aims to help agents learn large skillsets at low cost.

To realize this potential, an algorithm must address two challenges without human

supervision: (i) how agents can learn diverse sets of policies and (ii) how agents can

operate in learned internal states with low state uncertainty. Overcoming this second

challenge requires addressing the two sources of state uncertainty: belief state aliasing

(i.e., poor representation learning) and partial observability. Yet, existing unsupervised

skill discovery approaches have not adequately addressed either of these two challenges.

The purpose of this thesis is to demonstrate that an unsupervised skill discovery

algorithm based on Empowerment can address both challenges, enabling agents to build

larger skillsets without human supervision. We �rst show that computing the empowerment

of various internal states addresses the �rst problem of learning diverse sets of policies. We

then show that maximizing empowerment addresses the second challenge of minimizing

state uncertainty. Speci�cally, we show that (a) maximizing empowerment with respect

to a representation learning function (e.g., a recurrent neural network (RNN)) can reduce

state uncertainty caused by belief state aliasing, and (b) maximizing empowerment with

respect to a behavior policy can reduce state uncertainty caused by partial observability.

vi



Contents

Acknowledgments v

1 Introduction 1

1.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 Background and Related Work 15

2.1 Modeling the Environment . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2 Modeling the Agent . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.3 Mutual Information and Empowerment . . . . . . . . . . . . . . . . . . . 17

2.4 Relevant Properties of Mutual Information . . . . . . . . . . . . . . . . . 19

2.5 Markov Decision Processes . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.6 Related Work: Unsupervised Reinforcement Learning . . . . . . . . . . . 22

2.6.1 Skills (Unsupervised Skill Discovery) . . . . . . . . . . . . . . . . 22

2.6.2 Representations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.6.3 Policy Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.7 Related Work: Representation Learning in Partially Observable Settings 25

2.8 Related Work: Information Seeking . . . . . . . . . . . . . . . . . . . . . 25

3 Learning Diverse Skillsets with Empowerment 28

3.1 Deriving a Tighter Bound on Mutual Information . . . . . . . . . . . . . 31

3.2 Maximizing the Mutual Information Lower Bound . . . . . . . . . . . . . 35

vii



3.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.3.1 Environments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.3.2 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4 Reducing State Uncertainty from Belief State Aliasing using Empower-

ment 46

4.1 Theoretical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2 Maximizing Mutual Information w.r.t. Skills and Representations . . . . 57

4.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.3.1 Environments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.3.2 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5 Reducing State Uncertainty from Partial Observability using Empower-

ment 81

5.1 Theoretical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5.2 A More Practical Longer Horizon Empowerment . . . . . . . . . . . . . . 87

5.3 Training Skills, Representations, and Behavior Policies with Empowerment 92

5.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

5.4.1 Environments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

5.4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

6 Future Work and Conclusion 99

6.1 Open Problems in Empowerment Research . . . . . . . . . . . . . . . . . 99

6.1.1 World Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

6.1.2 Exploration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

6.1.3 Controlling Empowerment-based Agents . . . . . . . . . . . . . . 101

6.2 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

viii



List of Figures

1.1 Challenge of learning diverse skillsets . . . . . . . . . . . . . . . . . . . . 2

1.2 Challenge of state uncertainty from belief state aliasing . . . . . . . . . . 3

1.3 Resolving state uncertainty from belief state aliasing . . . . . . . . . . . 5

1.4 Resolving state uncertainty from partial observability . . . . . . . . . . . 6

2.1 Skillset probabilistic graphical model . . . . . . . . . . . . . . . . . . . . 18

3.1 Consequences of loose lower bounds on mutual information . . . . . . . . 29

3.2 Flow of actor-critic gradients . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3 Parameter-speci�c Actor-Critic Architecture . . . . . . . . . . . . . . . . 37

3.4 Chapter 2 environment previews . . . . . . . . . . . . . . . . . . . . . . . 39

3.5 Entropy visualizations in 2D Room . . . . . . . . . . . . . . . . . . . . . 43

3.6 Entropy visualizations in Stochastic Four Rooms . . . . . . . . . . . . . . 44

3.7 Entropy visualizations in Stochastic Four Rooms Pick-and-Place . . . . . 44

3.8 Entropy visualizations in RGB QR Code . . . . . . . . . . . . . . . . . . 45

3.9 Entropy visualizations in RGB QR Code Pick-and-Place . . . . . . . . . 45

4.1 Empowerment as a dense reward for representation learning . . . . . . . 48

4.2 Actor-critic architectures for skill discovery and representation learning . 59

4.3 Fully observable, high-dimensional environment previews . . . . . . . . . 61

4.4 Partially observable environment previews . . . . . . . . . . . . . . . . . 63

4.5 Learning curves for fully observable, low-dim tasks . . . . . . . . . . . . . 69

ix



4.6 Learning curves for gray room tasks . . . . . . . . . . . . . . . . . . . . . 70

4.7 Learning curves for plus and pick-and-place tasks . . . . . . . . . . . . . 70

4.8 Entropy visualizations for noisy 2D and plus tasks . . . . . . . . . . . . . 71

4.9 Entropy visualizations for noisy gray and push tasks . . . . . . . . . . . . 72

4.10 Learning curves for downstream RL tasks . . . . . . . . . . . . . . . . . . 72

4.11 Qualitative results for downstream RL tasks (Representation only) . . . . 73

4.12 Qualitative results for downstream RL tasks (Representations + Skills) . 73

4.13 Learning curves in partially observable settings . . . . . . . . . . . . . . 74

4.14 Entropy visualizations for T-Maze . . . . . . . . . . . . . . . . . . . . . . 76

4.15 Entropy visualizations for Decoy Agent . . . . . . . . . . . . . . . . . . . 77

4.16 Entropy visualizations for 4-Bit Password . . . . . . . . . . . . . . . . . . 78

4.17 T-Maze Trained Encodings . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.18 T-Maze Encoding Sequences . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.19 Decoy Agent RNN encodings . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.20 4-Bit Password Encodings . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.1 Chapter 5 environment previews . . . . . . . . . . . . . . . . . . . . . . . 94

5.2 Password-protected cage information seeking . . . . . . . . . . . . . . . . 97

5.3 Drone start information seeking . . . . . . . . . . . . . . . . . . . . . . . 98

6.1 Controlling empowerment-maximizing agents . . . . . . . . . . . . . . . . 101

x



CHAPTER 1

Introduction

General-purpose agents have the potential to expand human freedom. Generalist

agents that are a cheap and competent source of labor can lower the costs of services we

currently pay others to do, as well as automate some of the tasks we complete ourselves.

Both of these outcomes would enable humans to spend less time on repetitive work and

more time exploring more meaningful pursuits. But to achieve this vision, general-purpose

agents must be a cheap source of labor, which means the cost of training them to develop

large skillsets needs to be low.

The problem is that a low-cost framework for helping agents build large skillsets

has not yet been developed. The dominant frameworks for learning skills, Behavior

Cloning (BC) (Pomerleau, 1988) and Reinforcement Learning (RL) (Sutton and Barto,

1998), can help agents learn skills but are not cheap as they require extensive human

supervision. For instance, behavior cloning can require labor-intensive procedures such

as robot teleoperation (Levine et al., 2018; Mandlekar et al., 2018; Brohan et al., 2023;

Zhao et al., 2023; Finn et al., 2017) or the collection of egocentric videos that require

paying humans to wear cameras as they perform tasks (Giusti et al., 2016; Ng et al., 2020;

Zheng et al., 2025b; Grauman et al., 2021). Similarly, traditional reinforcement learning,

in which an agent learns a skill by maximizing some task-speci�c reward, can require that
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Figure 1.1: One problem unsupervised skill learning algorithms must resolve without
human supervision is skillset diversity. Agents need to be able to learn the large sets of
di�erentiated policies that can be executed from various starting representations. For
instance, an agent may start with a redundant skillset such as the one shown on the
left side of the �gure where the 12 policies� 0; : : : ; � 11 in the skillset only target two
observations. The USD algorithm should encourage the agent to learn a diverse set of
skills where each skill targets a unique observation, such as the skillset on the right side
of the �gure.

a human both design a reward function and continually transmit rewards or some other

feedback (Knox and Stone, 2009; Warnell et al., 2018; Argall et al., 2008; Bajcsy et al.,

2017; Luo et al., 2025).

A potentially more practical learning framework that has emerged over the last decade

is Unsupervised Skill Discovery (USD) (Gregor et al., 2016; Eysenbach et al., 2019; Sharma

et al., 2020). This class of algorithms aims to lower the cost of skill discovery by removing

the need for expensive human supervision. Speci�cally, USD algorithms aim to take an

agent's reward-free and label-free history of actions and observations and extract diverse

sets of skills from this cheap interaction data. Yet, to achieve the goal of learning large

skillsets at lower cost, unsupervised skill discovery algorithms must address the following

two problems.

The �rst problem is policy diversity. From various starting representations, agents

must be able to learn a large set of policies, or functions that map representations to

actions, such that each policy targets distinct observations not targeted by other policies

in the skillset. For instance, consider the agent in the simple 2D world in Figure 1.1. At

2



Figure 1.2: Illustration of belief state aliasing and its e�ect on skillset size. Belief state
aliasing occurs when agents map histories that represent di�erent underlying distributions
of states (i.e., di�erent belief states) to the same encoding. (Left) An agent in 2D world
maps histories with di�erent x positions but samey position to the same encoding. That
is, the agent operates in a representation where it is blind to itsx position. As a result
of this aliasing, the agent's skillset is smaller as it cannot reliably target particularx
positions. (Right) An agent maps two histories (dotted black lines) in which agent is told
the button that turns the drone on is in di�erent locations (\left" or \right") to the same
encoding. If the agent is in this aliased representation, it will be unsure of the location
of the \On" button. As a result of the aliasing, the agent in the drone setting cannot
reliably target (x; y) positions for the drone as shown by the dotted trajectories.

the start of training, the agent may have a redundant skillset where various policies target

similar observations. An unsupervised skill discovery algorithm must encourage the agent

to discover diverse sets of policies that target distinct observations.

The second problem USD algorithms must address is state uncertainty. Agents that

operate in representations with higher state uncertainty tend to have less diverse skillsets.

This is because greater uncertainty produces more stochastic dynamics, which broadens

the distribution of observations that each skill targets. This, in turn, may result in

redundant skills that target overlapping distributions of observations. To minimize state

uncertainty and thereby boost skillset size, agents need to overcome the two sources of

state uncertainty: belief state aliasing and partial observability.

Belief state aliasing results from poor representation learning when agents encode his-
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tories representing di�erent underlying distributions of states (i.e., belief states (Kaelbling

et al., 1998; Littman, 2009)) to the same or similar encodings. This aliasing increases

state uncertainty because when an agent is in an aliased representation, the agent may be

in any state in the mixture of belief state distributions. Figure 1.2 (Left) shows a simple

case of belief state aliasing in the simple 2D domain described previously and its e�ect on

the agent's skillset. In this example, the agent maps histories in which the agent has the

samey position but di�erent x positions to the same representation. As a result, when

the agent is in some representation, its true state can be in one of manyx positions. This

reduces the number of distinct skills an agent can execute because while the agent can

still reliably target speci�c y positions, it cannot reliably target particular (x; y) positions

as its starting position can be anyx coordinate. For example, a skill that moves the agent

a little to the right can achieve observations that range from slightly o� the west edge of

the room to the eastern edge of the room.

Belief state aliasing is more common in partially observable domains where representa-

tion learning is needed. This is because agents may need the information contained in

their full history of actions and observations, but using the full history as a representation

is often impractical. Consider the simple partially observable setting in Figure 1.2 (Right),

which consists of an agent, a drone, and two buttons. The agent can move freely around

the 2D world as well as direct a drone provided that it �rst presses the \On" button

before pressing the \O�" button. The location of the \On" button is randomly chosen

each episode. The setting is partially observable as the agent's observation will only

sometimes include a boolean variable indicating which button is the \On" button. In this

setting, belief state aliasing can occur when the agent maps two or more histories with

di�erent signals about the location of the \On" button to the same encoding. From this

aliased representation, the agent's skillset is smaller because while the agent can still move

itself to various (x; y) locations, it cannot with certainty direct the drone to a particular

location as shown in 1.2 (Right).
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Figure 1.3: State uncertainty caused by belief state aliasing can be resolved through better
representation learning. In the 2D world setting, agents can gain information about thex
position of the agent by assigning di�erent representations to histories that end in di�erent
(x; y) positions. In the drone setting, agents can gain information about the location of
the button by assigning di�erent representations to histories that signal di�erent \On"
button locations. Further, the �gure illustrates how reducing state uncertainty can expand
the size of an agent's skillset. The agent in the 2D world can now target particular (x; y)
locations and the agent in the drone setting can now reliably move the drone to particular
(x; y) locations.

The uncertainty arising from belief state aliasing can be resolved through better

representation learning. Speci�cally, agents can assign di�erent representations to histories

(i.e., disentangle histories) that correspond to di�erent belief states. Figure 1.3 illustrates

how representation learning can be used to resolve the belief state aliasing in the settings

discussed so far. In the 2D world setting, histories that end in di�erent (x; y) positions

for the agent can be assigned di�erent representations. Similarly, in the drone setting,

histories that provide di�erent signals of the location of the \On" button can be assigned

di�erent representations. In both settings, resolving the uncertainty caused by belief state

aliasing can signi�cantly expand the agent's skillset as the agent in the 2D world can now

target di�erent x positions and the agent in the drone setting can direct the drone to
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Figure 1.4: When uncertainty is caused by partial observability, agents can gain informa-
tion and thereby increase their skillsets by executing information-seeking actions in the
environment. In this illustration, the left side of the �gure shows an agent that is at �rst
unsure which button is the \On" button. The agent then executes the information-seeking
action of looking around and sees the other agent on the Left button, which means the
Left button is the \On" button. This can put the agent in a representation where there
is no uncertainty about the underlying state, resulting in a larger skillset. On the other
hand, the right side of the �gure shows an agent choosing not to look around. As a result,
the agent will continue to be uncertain about the underlying state and thus have a smaller
skillset.

particular (x; y) positions with high reliability.

The second cause of state uncertainty is partial observability. Even if the agent has

learned su�cient statistic representations that provide as much information about the

underlying state as the agent's full history (e.g., a belief state) and thereby resolve belief

state aliasing, the agent may still be uncertain about certain features of the state. For

instance, consider the drone setting where the agent has not received any signal about

the \On" button location. Given this history, the agent would still be uncertain about

the location of the \On" button even if the agent had learned to generate su�cient

statistic representations. To reduce uncertainty caused by partial observation, agents
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can execute information-seeking actions, which are actions that elicit observations from

the environment that provide clues about the underlying state of the environment. For

instance, consider the modi�ed drone setting in Figure 1.4 where agents now have an

extra action that enables the agent to \look around". In addition, sometimes when the

agent looks around, it sees another agent and this agent is always on the \On" button. In

this setting, if the agent has not been given the signal of the \On" button location, the

agent can potentially gain information about the underlying state and thereby expand its

skillset by looking around. On the other hand, if the agent does not look around, it will

remain uncertain about the \On" button and its skillset will be more limited.

Despite the impact both policy diversity and state uncertainty can have on the size of

an agent's skillset, existing unsupervised skill discovery algorithms have not adequately

addressed either of these two challenges. Regarding the �rst challenge of policy diversity,

existing approaches have reported metrics related to skillset size that are often orders of

magnitude smaller than the maximum possible skillset in the environment (Florensa et al.,

2017; Eysenbach et al., 2019; Achiam et al., 2018; Sharma et al., 2020; Choi et al., 2021;

Strouse et al., 2022; Park et al., 2024b; Zheng et al., 2025a; Hu et al., 2024). Regarding

the second challenge of state uncertainty, no unsupervised skill discovery algorithm prior

to this thesis has attempted to perform representation learning in partially observable

settings, making it unclear whether existing work provides a mechanism for addressing

belief state aliasing in these settings. In addition, prior work has not provided a mechanism

for encouraging information-seeking actions and thus existing work does not address state

uncertainty arising from partial observability.

This thesis aims to develop a more complete unsupervised skill discovery algorithm

that addresses both challenges in unsupervised skill discovery so that agents can build

large skillsets. The foundation of our approach is an objective function, de�ned shortly,

that measures the number of distinct skills associated with a particular tuple. The �rst

component of the tuple is some representation from which skills will be executed. The
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second component is a skillset, or a distribution of policies, that are executed from the

starting representation. The third component of the tuple is a set of representation

learning parameters such as an RNN. The �nal component is a world model that provides

the distribution of observations at the next time step given the prior history of actions and

observations through the current time step. The objective at the center of our approach

measures the number of distinct skills in the tuple's skillset when the skillset is executed

from the tuple's starting representation. In practice, skillset size is measured by sampling

a large batch of policies from the skillset and concurrently executing the batch of skills

from the starting representation using the agent's world model. Larger skillsets are those

where skills tend to terminate in more distinct observations.

To address the two key challenges in unsupervised skill discovery, this thesis develops

a simple approach. To address the �rst challenge of learning diverse skillsets from some

starting representation, we simply maximize the objective with respect to the set of

policies. This encourages more di�erentiated skillsets where each skill specializes in

targeting speci�c observations. To address the part of the second challenge related to

state uncertainty arising from belief state aliasing, we maximize the objective with respect

to the parameters of the RNN or other representation learning function. If there is belief

state aliasing depressing the size of an agent's skillset, this should encourage the RNN

to disentangle those histories representing di�erent belief states. Then to address the

problem of state uncertainty arising from partial observability, we treat this objective as

a reward and train a behavior policy to maximize this reward. If there are features of the

state that the agent is uncertain about and are depressing the size of an agent's skillset,

this objective should encourage policies that elicit information from the environment

about these features.

The objective we use at the foundation of our approach is the mutual information

between skills and observations. This objective is principled as it provides a way to

measure the number of distinct skills that can be executed from some representation.

8



The objective is also unsupervised because measuring the mutual information does not

require expensive supervision in the form of rewards or action labels. Maximizing mutual

information in practice does require a world model, but this world model can be trained in

an unsupervised manner from cheap interaction data. Note, however, that the experiments

in this thesis will make the assumption that a world model has been provided to the agent.

This is not a scalable assumption, and Chapter 6 discusses how di�erent types of world

models can be learned.

Our approach to unsupervised skill discovery can also be expressed in terms of empower-

ment. Empowerment is the maximum mutual information between skills and observations

with respect to the agent's set of skills and thereby represents the maximum number of

skills that can be executed from some representation (Klyubin et al., 2005; Salge et al.,

2013; Jung et al., 2012; Mohamed and Rezende, 2015; Gregor et al., 2016). In terms of

empowerment, our approach addresses the �rst challenge of learning diverse sets of policies

by computing the empowerment of di�erent representations and the second challenge of

state uncertainty by maximizing empowerment with respect to the agent's representation

learning function and behavior policy.

1.1 Contributions

This section details the three contributions of the thesis and describes how the contri-

butions relate to prior work.

1. Tighter variational lower bound on the mutual information between skills

and observations

We introduce a tighter variational lower bound on the mutual information between

skills and observations relative to prior empowerment-based skill discovery methods

(Gregor et al., 2016; Florensa et al., 2017; Eysenbach et al., 2019; Achiam et al., 2018).

The tighter bound results from adding a conditioning variable to the variational
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posterior distribution in the mutual information term that represents the skillset

under consideration. The tighter variational lower bound enables agents to better

measure the diversity of a candidate skillset, which in turn makes it easier to discover

more diverse skillsets. To tractably maximize this mutual information lower bound

with respect to the agent's skillset, we also introduce a new actor-critic architecture.

We provide a theorem proving that our variational mutual information objective

provides a tighter bound than prior work. We also provide empirical support that

our improvements to mutual information optimization enable agents to learn skillsets

that are often orders of magnitude larger than prior work.

Context: Maximizing the mutual information between skills and observations

to address the �rst challenge of learning diverse skillsets has been an approach

that has been tried previously. Indeed, the original unsupervised skill discovery

algorithms (Gregor et al., 2016; Florensa et al., 2017; Eysenbach et al., 2019; Achiam

et al., 2018; Sharma et al., 2020) all tried to learn skills by maximizing some mutual

information between skills and observations. After these algorithms were unable

to learn large skillsets, another class of algorithms emerged (Zheng et al., 2025a;

Strouse et al., 2022; He et al., 2025; Hu et al., 2024, 2025; Park et al., 2022, 2023b,

2024b) arguing that changes needed to be made to the mutual information objective

to boost exploration such as (i) adding regularization terms (Strouse et al., 2022;

He et al., 2025; Zheng et al., 2025a), (ii) applying skill factorization where each

dimension of the skill makes changes to a particular state dimension (Hu et al.,

2024, 2025; Carr et al., 2025), or (iii) swapping the entropy terms in the mutual

information objective for other terms (e.g., contrastive losses) (Laskin et al., 2022;

Zheng et al., 2025a; Warde-Farley et al., 2019; Achiam et al., 2018; Zhang et al.,

2021; Choi et al., 2021; Campos et al., 2020). Others argued that mutual information

is not capable of learning large skillsets in continuous settings and thus some other

diversity metric was needed (Park et al., 2022, 2023b, 2024b). Yet, recent work has
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demonstrated that many of these changes do not produce signi�cantly larger skillsets

(Levy et al., 2025). Our �rst contribution provides strong evidence that the main

problem with the original mutual information objective was that prior algorithms

were maximizing a loose lower bound on the objective, meaning that agents were

often signi�cantly underestimating the diversity of skillsets when evaluating di�erent

sets of skills, in turn making it di�cult to learn diverse skillsets.

2. Maximizing empowerment with respect to a representation learning

function discourages belief state aliasing

The second contribution is to show that maximizing empowerment with respect to

an RNN (or other representation learning function) encourages the RNN to provide

more information about the underlying state. That is, maximizing empowerment

encourages the RNN to resolve belief state aliasing and disentangle histories that

correspond to di�erent underlying distributions of states.

We support this claim with both theoretical and empirical results. We provide two

theorems to support this contribution. The �rst theorem shows that the average

empowerment produced by an RNN is upper bounded by the average empowerment

produced by a representation learning function that outputs su�cient statistic

representations. Given that su�cient statistic representations provide as much

information about the underlying state as the agent's history and thereby have

no belief state aliasing, this theorem provides evidence that empowerment can

help overcome the problem of state uncertainty caused by poor representation

learning. Yet this theorem does not provide evidence that empowerment can provide

a dense reward signal that continually encourages agents to disentangle histories

associated with di�erent belief states. In practice, it may require numerous updates

to disentangle histories and thus a dense reward signal is important. The purpose of

the second theorem is to show that empowerment is indeed a dense reward signal for

discouraging belief state aliasing. The theorem shows that if the agent is considering
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two RNNs and one RNN provides more information about the underlying state than

the other (i.e., one RNN reduces state uncertainty on average more than the other),

the RNN providing more information will produce an average empowerment at least

as large as the other RNN (and larger under some easily achievable conditions) and

thus be encouraged by the empowerment objective.

We also support this claim with empirical results in (a) low-dimensional fully

observable environments, (b) high-dimensional fully observable environments, and

(c) partially observable environments. In all of these settings, we demonstrate that

our approach can jointly learn both large sets of skills and the representations

the skills are conditioned on. Indeed, our approach is the �rst unsupervised skill

discovery approach to learn both skills and representations in partially observable

environments.

Context: This idea of using empowerment for representation learning builds on the

work of Klyubin et al. (2008) and Capdepuy (2011) who also implemented similar

ideas but in more limited contexts. Both used a simpler version of empowerment

that maximizes the mutual information between a single primitive action and the

succeeding observation. This version of mutual information does not enable agents

to learn longer-horizon skills, which are important for downstream tasks. Also,

the single primitive action version of empowerment is di�cult to use as a signal

for representation learning because often di�erent states do not have signi�cantly

di�erent one-step empowerment but may have di�erent longer-horizon empowerment.

In addition, both works applied their approaches to fully observable grid-world

or simpler settings, whereas we apply our approach to continuous and partially

observable settings. We also provide the theorems mentioned above that prove that

empowerment encourages information seeking by representation learning. Other

works that used empowerment for representation learning include Bharadhwaj

et al. (2022), which also only employed single-step empowerment to fully observable
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settings. Their approach also incorporates task rewards into the objective so it is

not fully unsupervised representation learning. In addition, related to our work

are multi-step inverse methods (Lamb et al., 2023; Rudolph et al., 2024) that use

an objective similar to the mutual information between single-step actions and

downstream observations for representation learning. However, these results also do

not learn skills and are only applied to fully observable settings.

3. Maximizing empowerment with respect to a behavior policy encourages

information seeking by environment interaction

The third contribution of the thesis is to show that maximizing empowerment

with respect to a behavior policy encourages agents to seek information through

environment interaction. That is, maximizing an empowerment reward can be a

solution to the problem of state uncertainty caused by partial observability. If

the following are true: (a) there are some features of the state that the agent is

uncertain about, (b) this uncertainty is reducing the size of an agent's skillset, and

(c) the agent can take actions in the environment to elicit information about the

unknown features, then maximizing an empowerment reward will encourage these

information-seeking actions and the agent may be able to reduce some uncertainty

caused by partial observability.

We support this contribution with both theoretical and empirical results. We provide

one theorem that shows that if the agent is considering two behavior policies and

one policy terminates in a representation that provides more information about the

underlying state than the terminating representation achieved by the other policy,

then the policy that provides more information will produce larger empowerment

on average and thus will be encouraged by the empowerment objective. We also

provide empirical results in a few simple domains showing that agents prefer to

execute information-seeking policies.
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Context: To our knowledge, this thesis provides the �rst results showing empower-

ment encourages information-seeking actions. Many prior works have also performed

empowerment maximization but for di�erent applications such as stabilization (Jung

et al., 2012; Karl et al., 2017; Zhao et al., 2020) or predator avoidance (Mohamed

and Rezende, 2015). These applications are critical for agents but information

seeking is notable because it can be a long-term driver of skillset growth. In realistic

settings, there will often be features of the state that the agent is not only uncertain

about but that also depress the size of an agent's skillset. Our result that empower-

ment encourages information seeking means an empowerment-maximizing agent will

continually be encouraged to learn about these unknown state features and thereby

build its skillset over time.

Also related to our contributions on information seeking are algorithms that directly

encourage information seeking such as those that minimize belief state uncertainty

(Rhinehart et al., 2021; Aoki et al., 2011; Williams, 2007; Kreucher et al., 2005).

The key advantage of using empowerment for information seeking instead of trying

to directly minimize state uncertainty is that there is not always a strong correlation

between information and empowerment. Sometimes small bits of information can

have large impacts on an agent's skillset. For example, consider the agent in

the drone setting that is not sure which one of two buttons is the \On" button.

Conversely, large bits of information can have no impact on an agent's skillset (e.g.,

the number of blades of grass in some area or the exact pattern of a QR code). An

agent that is trying to directly maximize information may exert e�ort trying to

extract these bits of information and thus be very ine�cient at growing its skillset.

On the other hand, agents that maximize empowerment will be encouraged to focus

on the bits of information that most impact the size of their skillset.
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CHAPTER 2

Background and Related Work

This chapter provides the relevant background and related work information needed

to understand the contributions of the thesis. The background sections describe how

environments and agents are modeled in this thesis, de�ne empowerment, and review

relevant properties of mutual information, among other topics. The related work sections

discuss prior work in the main areas within arti�cial intelligence research covered by this

thesis: unsupervised reinforcement learning, representation learning in partially observable

settings, and information seeking.

2.1 Modeling the Environment

In this thesis, we will model the environment using a discrete-time Controlled Hidden

Markov Process (CHMP), which is a probabilistic graphical model de�ned by the tuple

(S; A ; 
 ; p(s0); p(st+1 jst ; at ); p(ot jst )). S is the state space with statess 2 S; A is the action

space with actionsa 2 A ; 
 is the observation space with observationso 2 
; p(s0) is the

initial state distribution; p(st+1 jst ; at ) is the state transition dynamics; andp(ot jst ) is the

distribution over observations given the current state. A CHMP setting is thus equivalent

to a Partially Observed Markov Decision Process (POMDP) (�Astr•om, 1965; Kaelbling
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et al., 1998) without a reward function. In this thesis, we will consider CHMPs with both

(a) Markov and (b) non-Markov observations. In the Markov variant, the distribution over

underlying states given the latest observation is conditionally independent of the prior

history of actions and observations:p(st jot ) = p(st ja0; o1; : : : ; at � 1; ot ). On the other hand,

in the non-Markov variant, there is some history of actions and observations in which

p(st jot ) 6= p(st ja0; o1; : : : ; at � 1; ot ). Note that in this thesis, we will use the environment

characterizations of \non-Markov" and \partially observable" interchangeably.

2.2 Modeling the Agent

The goal of the thesis is to train an agent to learn three particular functions. The

�rst function is a recurrent neural network f � : C � A � O ! C that maps learned

representationsct 2 C, actionsat , and observationsot+1 to the next learned representation

ct+1 . The goal of this representation learning is to learn su�cient statistic representations

x t 2 X , which are representations that provide distributions over the underlying state

that are conditionally independent of the prior history of actions and observations:

p(st jx t ) = p(st ja0; o1; : : : ; at � 1; ot ).

The second function is a skillset functionf � : C ! p(� ) that maps a learned represen-

tation ct to a distribution over policiesp(� ), in which each policy� : C ! A maps learned

representations to primitive actions. Speci�cally, in this thesis, the skillset function will

output a skill-conditioned policy � z : C � Z ! A , which maps learned representations

ct and skills z 2 Z to primitive actions. For instance, in our implementation,f � will

output the parameters (i.e., the weights and biases) of a skill-conditioned policy neural

network. This skill-conditioned policy represents a distribution over policiesp(� ) because

the combination of (i) a skill z sampled from some �xed distribution over skillsp(z) and (ii)

the skill-conditioned policy � z, produces some policy� mapping learned representations

to actions. This skillset function will be trained to learn all the distinct skills an agent

could execute from some learned representationct . A distinct skill in the context of
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empowerment will mean a policy that terminates in observations that are not targeted

by other policies in thep(� ) skillset. Note that the skillset function will be trained in

simulation using the agent's world model.

The third function is a behavior policy � b : C ! A that maps learned representations

ct to primitive actions at . In contrast to the skill-conditioned policies the agent learns, the

agent will use this behavior policy to actually interact in the environment. Speci�cally, this

policy will be encouraged to seek information, meaning that the agent will be encouraged to

take actions to achieve learned representations with less uncertainty about the underlying

state.

2.3 Mutual Information and Empowerment

Given two random variables,A and B, de�ned by two distributions including (i) a

source distribution p(a) and (ii) a channel distribution p(bja), the mutual information

betweenA and B, I (A; B), measures the rate at which samples ofA that can be sent

across the channelp(bja) producing a sampleb that can then be decoded back to the

original sample ofa with arbitrarily low error for each use of the channel. That is, mutual

information captures the number of distinct values ofa � A that can be reliably sent

across the channel.I (A; B) is de�ned

I (A; B) = H (B) � H (B jA) (2.1)

= H (A) � H (AjB) (2.2)

= Ea� p(a);b� p(bja) [logp(a) � logp(ajb)]; (2.3)

whereH (C) of some random variableC is the Shannon entropy (Shannon, 1948):H (C) =

Ec� p(c) [� logp(c)]. Per line 2.2, mutual information is higher when (i) the entropyH (A) is

higher, which can occur when there are more distinct samples ofa sent across the channel,

and/or (ii) H (AjB) is lower, which means the samples ofa are more distinct in terms of
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Figure 2.1: Probabilistic graphical model for executing skills� from some starting learned
representationc0. The initial state random variable S0 is sampled from the distribution of
underlying statesp(s0jc0). Future states are sampled from the state transition dynamics
p(st+1 jst ; at ). Actions are sampled from the policy� . Learned representations are sampled
from some distribution p(ct+1 jct ; at ; ot+1 ). Observations are sampled from the observation
distribution p(ot jst ).

the samplesb that they target. As a result of the entropy terms, mutual information is

measured in logarithmic units (e.g., bits or nats).

To measure the number of distinct skills contained in some skillset de�ned byp(� )

when the skillset is executed from some learned representationc0, the mutual information

I (�; On jc0) between a skill random variable � and skill-terminating observation random

variable On can be used. The source distribution is the distribution over policiesp(� jc0).

The channel distribution p(on jc0; � ) samples skill-terminating observations from the proba-

bilistic graphical model shown in Figure 2.1, where (i) the initial statep(s0jc0) is sampled

from the underlying distribution over states, (ii) future states are sampled from the state

transition dynamics p(st+1 jst ; at ), (iii) primitive actions are generated from the policy

� , (iv) learned representations are generated by some distributionp(ct+1 jct ; at ; ot+1 ), and

(v) observations are sampled from the observation distributionp(ot jst ). This mutual
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information is de�ned

I (�; On jc0) = H (On jc0) � H (On jc0; �) (2.4)

= H (� jc0) � H (� jc0; On ) (2.5)

= E� � p(� jc0 );on � p(on jc0 ;� ) [logp(� jc0; on ) � logp(� jc0)]: (2.6)

Thus, per line 2.4, the number of distinct skills grows when the entropyH (On jc0) increases,

which can occur when the number of observationson a skillset targets increases, and/or

the conditional entropy H (On jc0; �) decreases, which can occur when di�erent skills

target di�erent groupings of skill-terminating observationson . Similarly, per line 2.5,

the number of distinct skills grows whenH (� jc0) grows, which can occur when a more

entropic distribution over policies is executed, and/orH (� jc0; On ) decreases, which can

occur when di�erent skills target di�erent groupings of skill-terminating observations.

The empowerment of a representation measures the maximum mutual information

between skills and observations with respect to the skillsetp(� jc0):

E(c0) = max
p(� jc0 )

I (�; On jc0): (2.7)

That is, empowerment is the largest number of distinct skills that can be executed from

some representationc0.

2.4 Relevant Properties of Mutual Information

We will use the following four properties of mutual information in this thesis:

1. Data-Processing Inequality:

I (A; B) � I (A; C) if c = f (b) (2.8)
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2. Convexity w.r.t. Channel Distribution:

I (A; C) � Eb� p(b) [I (A; Cjb)] if p(cja) = Eb� p(b) [p(cja; b)] (2.9)

3. Variational Lower Bound:

I (A; B) � Ea� p(a);b� p(bja) [logq (ajb) � logp(a)] (2.10)

4. Chain Rule:

I (A; B0; B1; : : : ; Bn� 1) = I (A; B0) + I (A; B1; : : : ; Bn� 1jB0) (2.11)

The Data Processing Inequality states that the mutual information between a random

variable A and another random variableB is at least as large as the mutual information

betweenA and a third random variableC that is some function ofB (see Ch.2 in Cover

and Thomas (2006) for proof). For instance, one implication of this property is that

the mutual information between skills and observations is upper bounded by the mutual

information between skills and states, assuming observationsot are generated using some

function of statesst . In other words, by using observations instead of states, the agent

may learn fewer skills because multiple statesst may map to the same observationot .

The second property is the convexity of mutual information with respect to the channel

distribution. That is, if the channel p(cja), between two random variablesA and C is

a weighted average of channelsp(cja; b) that involve a third random variable B (i.e.,

p(cja) = Eb� p(b) [p(cja; b)]), then the mutual information betweenA and C, I (A; C), is less

than or equal to the weighted average of the mutual information betweenA and C when

conditioned on values ofb (see chapter 2 in Cover and Thomas (2006)). The intuition here

is that if the channel distribution is actually a noisy mixture of channels, on average more

distinct samples ofa can be sent over the channel if the exact channel was known. We
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will use this property in Chapters 4 and 5 to prove that using empowerment as a reward

function encourages information seeking through representation learning and environment

interaction.

The third property shows that if the posterior p(ajb) is replaced with a di�erent

variational distribution q (ajb) with variational parameters  , then the variational mutual

information term I V (A; B) = Ea� p(a);b� p(bja[logq (ajb) � logp(a)] is a lower bound of

the original mutual information I (A; B) (see Barber and Agakov (2003) for proof).

The looseness of the boundI (A; B) � I V (A; B) = Eb� p(b) [DKL (p(ajb)jjq (ajb))] depends

on an average KL divergence between the true and variational posteriors. That is, if

q (ajb) � p(ajb), the bound will be tight but otherwise will be loose. Both prior work

and the work in this thesis will use a variational lower bound on the mutual information

between skills and observations because the true mutual information in continuous domains

is typically intractable to compute.

The fourth property is the chain rule for mutual information, which states that the

mutual information between a random variableA and a sequence ofn random variables

B0; : : : ; Bn� 1 can be broken down into the sum of (i) the mutual information between

A and the �rst B0 in the sequence,I (A; B0), and (ii) the mutual information between

A and the remainingB i terms conditioned onB0, I (A; B1; : : : ; Bn� 1jB0). We will use

this recursive property of mutual information in Chapter 5 to compute a longer horizon

version of empowerment using only shorter horizon mutual information terms.

2.5 Markov Decision Processes

This thesis will also involve solving a �nite horizon Markov Decision Process (MDP)

(Puterman, 1994), which is a problem setting de�ned by the tuple (X ; A ; p(x t+1 jx t ; at ); R),

in which x t 2 X are Markov representations (not necessarily the underlying statest ),

at 2 A are primitive actions, p(x t+1 jx t ; at ) are the Markov transition dynamics, and
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R : X ! R is the reward for achieving a particular representationx t . The objective

in a �nite horizon MDP is to learn a policy � : X ! A that maximizes expected,

cumulative reward: max� E� [
P T

t=1 R(x t )]. Finite horizon MDPs can be solved using

dynamic programming (Bertsekas, 2001) and reinforcement learning methods (Sutton

and Barto, 1998). In this thesis, we will implement a �nite horizon MDP to maximize

empowerment with respect to a behavior policy to encourage information-seeking actions.

2.6 Related Work: Unsupervised Reinforcement Learn-

ing

The algorithms contained in this thesis are a part of a broader class of algorithms

known as Unsupervised Reinforcement Learning (URL). To decrease the cost of designing

and transmitting rewards, URL algorithms implement a pretraining phase where agents,

without rewards, try to learn components that can be useful for a downstream RL task

when a reward is introduced (Agarwal et al., 2025a). Most often, these components

are either (i) skills that target diverse observations (i.e., unsupervised skill discovery

algorithms), (ii) representations that serve as input to policies, and (iii) statistics of

policies that describe future state visitation distributions (e.g., the successor measure).

2.6.1 Skills (Unsupervised Skill Discovery)

Unsupervised skill discovery algorithms generally fall into two categories: (i) Goal-

Conditioned Reinforcement Learning (GCRL) and (ii) Mutual Information-based Skill

Learning.

GCRL algorithms learn policies that target particular observations (Kaelbling, 1993;

Andrychowicz et al., 2017; Levy et al., 2019; Durugkar et al., 2021; Ma et al., 2022; Chuck

et al., 2025; Sikchi et al., 2024; Agarwal et al., 2023; Park et al., 2023a; McClinton et al.,

2021; Nair et al., 2018; Nasiriany et al., 2019; Eysenbach et al., 2021). During pretraining,
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all observations can be used as potential goals for the agent to learn to achieve. Then

downstream GCRL tasks, in which the agent is asked to achieve a particular subset of goals,

can potentially be completed in a zero-shot manner. Two problems with unsupervised

GCRL algorithms are that (i) they may require that the agent know the distribution of

reachable goal observations and (ii) goal-conditioned policies can be di�cult to learn in

stochastic settings, where speci�c observations cannot be achieved with high probability.

In this thesis, we present unsupervised skill discovery algorithms that can overcome both

of these limitations.

Mutual information-based skill learning aims to learn skillsets that maximize some

mutual information between skills and observations (Florensa et al., 2017; Eysenbach

et al., 2019; Achiam et al., 2018; Sharma et al., 2020; Choi et al., 2021; Strouse et al.,

2022; Park et al., 2024b; Zheng et al., 2025a; Hu et al., 2024; Baumli et al., 2021; Campos

et al., 2020; Laskin et al., 2022; Tiomkin et al., 2025). As noted in section 2.3, maximizing

mutual information with respect to a skill-conditioned policy encourages each of the skills

in the skill-conditioned policy to target a distinct skill-terminating observation. Learning

skills by maximizing mutual information can enable zero-shot performance in downstream

tasks. Given some goal observationon , the posterior distribution that many algorithms

learn, q(zjon ), can be sampled to determine a skill to achieve the provided goal observation

in a zero-shot manner.

The work in this thesis improves on many existing mutual information-based skill

learning algorithms in three ways. First, we maximize a tighter variational lower bound

on mutual information relative to prior work (Gregor et al., 2016; Eysenbach et al.,

2019), making it easier to discover more diverse skillsets. Second, by maximizing mutual

information with respect to a representation learning function (e.g., an RNN), this thesis

provides algorithms for not only learning skills but also representations. This enables our

approach to address the issue of belief aliasing and thereby learn larger skillsets in partially

observable settings. Third, by maximizing empowerment with respect to a behavior policy,
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this thesis provides algorithms that encourage agents toachievelearned representations

with less underlying state uncertainty (i.e., encourages information seeking actions). This

additional reduction in state uncertainty enables agents to attain larger skillsets than

agents that only maximize mutual information with respect to a skill-conditioned policy.

2.6.2 Representations

Another segment of Unsupervised RL algorithms uses a pretraining stage to learn

compressed representations of observations that seek to only contain the information

needed for control (Ghosh et al., 2019; Ma et al., 2023; Islam et al., 2022; Lamb et al., 2023;

Levine et al., 2024; Rudolph et al., 2024). Some of these algorithms learn representations

by training inverse models that try to predict some initial primitive action given some

future observation (Islam et al., 2022; Lamb et al., 2023; Levine et al., 2024; Rudolph

et al., 2024). This approach is similar to a variant of our approach of maximizing mutual

information with respect to representation learning parameters. However, in this approach

the mutual information is between a single primitive action and a future observation

so these approaches do not learn temporally-extended, closed-loop skills, which can be

helpful for downstream tasks. In addition, the experiments for these methods have been

limited to Markov settings, whereas we show results where agents learn representations in

partially observable settings.

2.6.3 Policy Statistics

Another segment of unsupervised reinforcement learning uses a pretraining stage to

compute particular statistics of policies. In successor feature approaches, these statistics

are cumulative state features (Dayan, 1993; Barreto et al., 2017; Park et al., 2024a; Zhu

et al., 2025). In other approaches, the statistic is the successor measure, which provides

the discounted state visitation distribution achieved by a policy (Touati and Ollivier, 2021;

Touati et al., 2023; Agarwal et al., 2025b). These statistics can then be used to search
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for a policy that maximizes reward in a zero-shot manner. A key challenge with these

approaches is that they assume Markov observations. This thesis provides an unsupervised

RL algorithm that can learn Markov representations in partially observable settings as

well as skills conditioned on those representations.

2.7 Related Work: Representation Learning in Par-

tially Observable Settings

Also related to the work in this thesis is a class of algorithms that learn representations

in partially observable settings (Littman and Sutton, 2001; Lin and Mitchell, 1993;

Schmidhuber, 1991, 1990; Bakker, 2001; Hausknecht and Stone, 2015; Ni et al., 2022;

Wierstra et al., 2007; Heess et al., 2015; Hafner et al., 2019b; Allen et al., 2024). A key

di�erence from our work is that many of these approaches rely on manually-speci�ed,

task-speci�c rewards to provide a signal for learning representations, which in practice can

be costly to implement and/or overly sparse. Our approach uses the mutual information

between skills and observations, which is unsupervised and task-invariant. Also, in contrast

to the algorithms presented in this thesis, these approaches do not jointly learn large

skillsets while performing representation learning.

2.8 Related Work: Information Seeking

There have been many prior works that have developed algorithms to encourage

information seeking (Aoki et al., 2011; Friston, 2009; Friston et al., 2016; Rhinehart

et al., 2021; Kreucher et al., 2005; Williams, 2007; Berseth et al., 2021; Fountas et al.,

2020), which is sometimes referred to as active state estimation in the sensor management

literature and minimizing surprise in the intrinsic motivation literature. The typical

objective these works use for decision making is to minimize the entropy of the agent's

state uncertainty H (St+1 jO� t+1 ; A � t ) or maximize information gainI (Ot+1 ; St+1 jO� t ; A � t ),
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which is the di�erence between the uncertainty with respect to the underlying state before

(i.e., H (St+1 jO� t ; A � t )) and after (H (St+1 jO� t+1 ; A � t )) the next observation. These

objectives directly reward the agent for lower uncertainty. Another popular objective is

to minimize the entropy of the state visitation distribution H (d� (s)), where the state

visitation distribution is d� (s) = 1
T (

P T � 1
t=0 p� (st = s)), in which p� (st = s) is the probability

of the agent using policy� achieving states at time t, and T is the number of time

steps in an episode (Berseth et al., 2021; Rhinehart et al., 2021). This objective not

only encourages information seeking like minimizing the entropy of the state, but also

encourages the agent to prevent changes in the state.

The problem with these objectives for building skillsets by information seeking is that

more information does not mean larger skillsets. There can be settings where gaining

a small number of bits of information can have a large impact on the size of an agent's

skillset. For instance, consider a scenario where (a) a robot is unsure which of two buttons

starts a microwave and (b) if the agent presses the wrong button, the microwave is

disabled. With respect to the feature of the state representing the correct start button for

the microwave, the uncertainty is not large as there is only one bit of information to be

gained. However, this single bit can have a large e�ect on the number of observations

an agent can reliably target, because by knowing how to start the microwave, the agent

can reliably cook a variety of foods. On the other hand, gaining many bits of information

about the underlying state can have a little to no impact on the size of an agent's skillset.

For instance, a robot can count the number of blades of grass outside the building it is

in, ask strangers their middle names, or stare at randomly sampled QR codes and gain

many bits of information. But gaining information about these features of the state space

likely will not expand the number of observations they can reliably target. Given that

realistic settings are �lled with state features that have a negligible impact on skillset

size, trying to maximize information gain likely will not be an e�cient way to maximize

skillset size. On the other hand, maximizing empowerment can o�er a more practical
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approach to information seeking as empowerment-maximizing agents will focus on the

bits of information that most a�ect the size of their skillsets.
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CHAPTER 3

Learning Diverse Skillsets with

Empowerment

Empowerment has been a popular objective for addressing the challenge of learning

diverse skillsets in an unsupervised manner, and with good reason. The mutual information

between skills and observations does provide a principled way to measure how many distinct

skills are in some set of policies. Thus, maximizing the mutual information with respect

to di�erent skillsets should enable agents to learn large sets of distinct skills from some

starting representation. Yet, the initial unsupervised skill learning approaches that used

pure empowerment objectives (Gregor et al., 2016; Florensa et al., 2017; Eysenbach et al.,

2019; Achiam et al., 2018) were not able to learn large skillsets. For instance, Florensa

et al. (2017), Eysenbach et al. (2019), and Achiam et al. (2018) only report learning

at most 20 skills in popular MuJoCo domains like Swimmer and Half Cheetah, which

have relatively large observation spaces and where agents were able to execute skills for

hundreds of steps. The empowerment, or the maximum number of skills an agent can

execute in these domains, should be orders of magnitude larger.

After the initial set of empowerment-based algorithms was unable to generate large

skillsets, another wave of unsupervised skill discovery approaches argued that changes

28



Figure 3.1: Existing empowerment-based skill discovery approaches maximize a loose
lower bound on mutual information that can signi�cantly underestimate the diversity of
skillsets that di�er from the current skillset. For instance, candidate skillset �1 is more
diverse and has larger mutual information (i.e.,I True (Z ; O)) than candidate skillset � 2 as
each policy in � 1 targets a unique observation. Yet because the loose mutual information
bound employed by existing approach can penalize skillsets that are di�erent from the
current skillset, existing approaches may assign a larger diversity score to the redundant
skillset. Our variational mutual information objective that provides a tighter bound on
mutual information �xes this issue and would assign a larger diversity score to candidate
skillset � 1.

needed to be made to the mutual information objective so that more skills could be learned

(Zheng et al., 2025a; Strouse et al., 2022; He et al., 2025; Hu et al., 2024, 2025; Park et al.,

2022, 2023b, 2024b). Some argued that regularization terms (Strouse et al., 2022; He et al.,

2025; Zheng et al., 2025a) should be added to boost exploration. Other works argued

that the skills should be factorized such that each dimension of the skill makes changes to

a particular state dimension (Hu et al., 2024, 2025; Carr et al., 2025). Others discussed

how the individual entropy terms in the mutual information needed to be swapped for

other terms (Laskin et al., 2022; Zheng et al., 2025a; Warde-Farley et al., 2019; Achiam

et al., 2018; Zhang et al., 2021). Others argued that mutual information is not capable

of learning large skillsets in continuous settings (Park et al., 2022, 2023b, 2024b). Yet,

the results of these works still showed skillset sizes that were orders of magnitude smaller

than the true empowerment of representations in these environments.

This chapter argues that the primary reason for the limited skillsets produced by the

original empowerment-based skill discovery algorithms was that they were maximizing a

loose lower bound on the mutual information between skills and observations. The loose
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bound was particularly poor for skillsets that deviated from the current greedy skillset. In

other words, when agents were evaluating the diversity of candidate skillsets, they were

often signi�cantly underestimating the diversity of those skillsets, particularly those that

di�ered from the current skillset, even if they were truly more diverse than the current one.

Figure 3.1 provides an illustration of this idea. The result was often stagnant skillsets

that did not grow over time (Campos et al., 2020; Park et al., 2022; Levy et al., 2023).

The cause of the loose mutual information lower bound used by prior work is the

structure and the training of variational posterior distribution. When a variational mutual

information estimate is used to evaluate the diversity of some candidate skillset, (i) the

variational posterior should condition on some variable representing this candidate skillset

and (ii) this variational posterior should be trained to match the true posterior of the

candidate skillset, not the current skillset. We �x this issue with a new variational lower

bound on mutual information. In this objective, (i) the variational posterior is conditioned

on a variable representing the skillset under consideration and (ii) the variational posterior

is trained to match the true posterior of the candidate skillset.

Yet, maximizing this new variational mutual information objective with respect to an

agent's skillset is di�cult. The optimization problem is equivalent to a bandit problem

in which actions are skillsets and the reward is the mutual information of executing the

skillset action from some representation (i.e., the reward is how diverse the skillset is).

Optimizing this objective with a traditional actor-critic architecture is not practical. The

actor could be implemented as a mapping from an agent's representation to an action

vector that represents an agent's skillset. Speci�cally, the action vector could represent the

parameters of a skill-conditioned policy neural network, which means the skillset action

could be thousands of dimensions long. The problem with this implementation, though,

lies with the critic, which would need to approximate how mutual information changes

from small, simultaneous adjustments to numerous parameters in the skill-conditioned

policy.
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To make maximizing our new variational mutual information objective tractable, we

introduce a new actor-critic architecture. The actor takes the form described above.

But instead of training a single traditional critic, we show that we can simulate the

gradients of this critic using parameter-speci�c critics. That is, for each parameter in the

skill-conditioned policy action, we train in parallel a di�erent parameter-speci�c critic to

approximate the mutual information for skillsets that involve small changes to only one of

the parameters of the skill-conditioned policy while the other parameters remain constant.

We support our claim that the combination of (a) the tighter variational lower bound

on mutual information and (b) the new actor-critic architecture can produce large skillsets

with a variety of empirical results. Because our approach is compute intensive, all

environments we trained on have low-dimensional underlying state spaces. Yet many have

other challenging features such as stochastic transition dynamics and/or high-dimensional

observations (i.e., images). In all settings, our approach learned vastly larger skillsets than

the baselines, which include algorithms from the original set of pure empowerment-based

skill discovery algorithms, including VIC (Gregor et al., 2016) and DIAYN Eysenbach

et al. (2019), and one leading algorithm from the next wave of empowerment-adjacent

algorithms, CSF (Zheng et al., 2025a).

3.1 Deriving a Tighter Bound on Mutual Information

To make computing the empowerment of a representation more tractable, both existing

work and our approach start with a lower-bound empowerment objective (in equations 3.1

and 3.2) that limits the search space of skillsets to those formed by (i) skill-conditioned

policies� z : C � Z ! A , which map representations and skills to actions, and (ii) �xed
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distributions over skills p(z), rather than all possible skillsets:

max
p(� )

I (�; On jc) � max
� z

I (Z ; On jc; � z) (3.1)

= max
� z

Ez� p(z);on � p(on jc;� z ;z) [logp(zjc; � z; on ) � logp(z))]: (3.2)

The lower bound results from the combination of the Data-Processing Inequality and the

smaller search space.

Our approach di�ers from prior work, though, in the precise variational mutual informa-

tion objective we use to replace the true mutual information. Computing the true mutual

information in equations 3.1 and 3.2 for di�erent candidate skill-conditioned policies� z is

not tractable in continuous settings as a result of the posterior distributionp(zjc; � z; on ),

which would require integrating over the intermediate variables (e.g.,a0; o1; c1; : : : ; an� 1; on )

in a trajectory. Instead, it is common practice to replace the original posterior with a

variational posterior distribution (e.g., q (zjc; � z; on ) parameterized by (Mohamed and

Rezende, 2015):

I V (Z ; On jc; � z) = Ez� p(z);on � p(on jc;� z ;z) [logq (zjc; � z; on ) � logp(z))]: (3.3)

This produces a lower bound on the original mutual information (i.e.,I V (Z ; On jc; � z) �

I (Z ; On jc; � z)) and the gap is an average KL divergence between the true and variational

posteriors (Barber and Agakov, 2003; Poole et al., 2019):

I (Z ; On jc; � z) � I V (Z ; On jc; � z) = Eon � p(on jc;� z ) [DKL (p(zjc; � z; on )jjq (zjc; � z; on ))] (3.4)

That is, the variational lower bound on mutual information will be tight if the variational

posterior is close to the true posterior.

There are two issues with the way prior work (Gregor et al., 2016; Eysenbach et al.,

2019; Achiam et al., 2018) handles the variational mutual information objective when
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evaluating the diversity of some candidate skillset� z, which together can result in a loose

lower bound. First, instead of using the variational posteriorq (zjc; � z; on ), they remove

the � z conditioning variable so that the variational posterior isq (zjc; on ). Second, they

train q (zjc; on ) to only match the posterior of thecurrent skillset p(zjc; � Current
z ; on ) using

the KL divergence objectiveDKL (p(zjc; � Current
z ; on)jjq (zjc; on)). This means that for

some candidate skillset� z, prior work will be measuring the diversity of that skillset with

a variational mutual information term I V that uses a variational posterior trained to match

the true posterior of the current skillset� Current
z , not the true posterior of the candidate

skillset. As a result, if the true posterior of the candidate skillset di�ers signi�cantly from

the true posterior of the current skillset (e.g., same skills target di�erent observations),

then the variational mutual information will form a loose lower bound and thus signi�cantly

underestimate the diversity of the candidate skillset, even when the candidate skillset is

more diverse. Note, however, that this lower bound will be tighter when candidate skillsets

are more similar to the current skillset as the KL divergence between the candidate and

current posteriors will not be too di�erent. Thus, the variational mutual information

objective used by prior work can discourage skillsets that are both more diverse and

di�erent from the current skillset in favor of skillsets that are more similar to the current

greedy skillset.

We address this issue and produce a tighter variational lower bound on mutual infor-

mation by (i) including a variable representing� z in the posterior (i.e., q (zjc; � z; on))

and then (ii) training the variational posterior to match the true posterior of the candi-

date skillset � z: min DKL (p(zjc; � z; on )jjq (zjc; � z; on )). Thus, we also de�ne variational

mutual information using equation 3.3. These changes enable agents to better measure

the diversity of candidate skillsets, which in turn makes it more likely they can learn

diverse skillsets. Note that the next section will detail how we can represent an entire

skillset � z as a scalar value input to the variational posterior. Theorem 1 proves that this

procedure for the variational posterior distribution produces a tighter lower bound on
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mutual information.

Theorem 1. Let q 0 (zjc; � z; on) be a variational posterior distribution that (i) includes

a conditioning variable representing the candidate skillset� z and (ii) is trained to mini-

mize the KL divergence:DKL (p(zjc; � z; on)jjq (zjc; � z; on)) . Let q 1 (zjc; on) be a second

variational posterior distribution that (i) does not include a conditioning variable rep-

resenting the candidate skillset� z and (ii) is trained to minimize the KL divergence:

DKL (p(zjc; � Current
z ; on)jjq (zjc; on)) . Then, the variational mutual information for can-

didate skillset� z produced by 0, I V0 (Z ; On jc; � z), will form a tighter bound on the true

mutual information I (Z ; On jc; � z) than the variational mutual information produced by

 1, I V1 (Z ; On jc; � z):

I V1 (Z ; On jc; � z) � I V0 (Z ; On jc; � z) � I (Z ; On jc; � z):

Proof. To start, I (Z ; On jc; � z) is larger than both I V0 (Z ; On jc; � z) and I V1 (Z ; On jc; � z)

because their di�erences depend on average KL divergences between the true poste-

rior of the candidate skillsetp(zjc; � z; on) and the variational posteriorsq 0 (zjc; � z; on)

and q 1 (zjc; on), and KL divergences are nonnegative (Cover and Thomas, 2006). Next,

given that  0 can take the form of either (a) 1 if that is the optimal set of param-

eters for minimizing the average KL divergence between the true posterior and the

variational posterior q 0 (zjc; � z; on ) or (b) any other set of parameters, then the average

KL divergence between the true posterior and the variational posterior formed by 0

must be no larger than the average KL divergence between the true posterior and the

variational posterior formed by  1: Eon � p(on jc;� z ) [DKL (p(zjc; � z; on)jjq 0 (zjc; � z; on))] �

Eon � p(on jc;� z ) [DKL (p(zjc; � z; on)jjq 1 (zjc; on))]. Given that the average KL divergence is

the di�erence between the true and variational mutual information terms (Barber and

Agakov, 2003), thenI (Z ; On jc; � z) � I V0 (Z ; On jc; � z) � I (Z ; On jc; � z) � I V1 (Z ; On jc; � z)

or I V0 (Z ; On jc; � z) � I V1 (Z ; On jc; � z).
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3.2 Maximizing the Mutual Information Lower Bound

While the variational mutual information in equation 3.3 provides a tighter bound

on the true mutual information and thereby enables agents to more accurately measure

the diversity of a skillset, it is challenging to maximize with respect to skillsets formed

from skill-conditioned policies. That is, it is di�cult to compute the following variational

empowerment objective:

EV (c) = max
� z

I V (Z ; On jc; � z) (3.5)

= max
� z

Ez� p(z);on � p(on jc;� z ;z) [logq (zjc; � z; on ) � logp(z)] (3.6)

This objective takes the form of a bandit problem with a potentially massive action space.

Here the bandit policy to be learned is a mapping from the starting representationc to

an action vector that represents the skill-conditioned policy� z. Speci�cally, this vector

would contain the potentially thousands of parameters (i.e., the weights and biases) that

make up the skill-conditioned policy neural network. The reward is the variational mutual

information I V (Z ; On jc; � z) for executing that skillset action � z in representationc. That

is, the reward is how diverse the skillset� z is when it is executed fromc.

The problem is that the traditional actor-critic would not be practical as a result of the

large action space. An actorf � : C ! � z that maps representations to skill-conditioned

policy parameters could be implemented. However, a criticQ� (c; � z) would be challenging

to train because the critic would need to approximateI V (Z ; On jc; � z) for many skill-

conditioned policies� z that contain small changes to numerous parameters within� z,

which is a di�cult function to learn.

Instead, we will use a di�erent actor-critic approach that \simulates" the gradient

from the traditional actor-critic method. The key insight is that in the traditional

architecture, the gradient of the critic with respect to any parameter� j in the actor f � is

dQ
� j

=
P j � z j� 1

i =0
dQ
d� i

z

d� i
z

d� j
, where� i

z is the i -th entry of the � z vector. That is, we only need
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Figure 3.2: Figure visualizes the function form of a 1 hidden layer critic. We use this
visual to show that the derivative of Q with respect to a parameter� j of the bandit
policy actor depends on the derivatives ofQ with respect to the individual entries in the
skill-conditioned policy vector � z.

to simulate how theQ function changes in response to small adjustments to each of the

parameters in� z (i.e., dQ
d� i

z
) while the others remain constant.

Before describing how we will take advantage of this insight when designing our actor-

critic, we �rst show that this is true for a 1-hidden layer MLP critic Q� (c; � z = f � (c)) with

respect to some parameter� j in the bandit policy actor f � (c). The critic will take the

following form, which is visualized in Figure 3.2. The outputQ = n(hW1), in which n(�) is

a nonlinear function;h is the hidden layer vector withjhj dimensions; andhW1 performs

the dot product between vectorh and the weight matrix W1, which is simply a vector

becauseQ is a scalar. Next, each entryhi 2 h is de�ned hi = n(� zW0;i ), in which W0;i

is the i -th column of weight matrix W0. Note that in this de�nition the neural network

connections between the observationc and hi are ignored becausec has no dependence

on the parameters of the bandit policy actor� . Lastly, each entry � i
z 2 � z is de�ned

� i
z = f (� j ; c; � =j ). That is, each entry in � z is some function of the parameter� j under

consideration, the initial observationc, and the other parameters (excluding� j ) in � .
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Figure 3.3: Visual of how the parameter-speci�c critics attach to the actor. In this
case, the actor maps a representationc to the parameters of the skill-conditioned policy
� z = [ � 0

z ; � 1
z ; : : : ; � j � z j� 1

z ]. For each dimension in� z, there is a critic Q� i (c; � i
z) that

approximates the variational mutual information of executing the skill-conditioned policy
� i

z from representationc. � i
z is a scalar representing the skill-conditioned policy, in which

all parametersj 6= i take on the greedy value from the actor (i.e.,f � (c)[j ]), while the i -th
parameter takes on value� i

z.

With this functional form,

dQ
d� j

=
dQ

d(hW1)

� jhj� 1X

i =0

d(hW1)
dhi

dhi

d(� zW0;i )

� j � z j� 1X

k=0

d(� zW0;i )
d� k

z

d� k
z

d� j

��

=
j � z j� 1X

k=0

d� k
z

d� j

� jhjX

i =0

dQ
dhW1

d(hW1)
dhi

dhi

d(� zW0;i )
d(� zW0;i )

d� k
z

�

=
j � z j� 1X

k=0

dQ
d� k

z

d� k
z

d� j
(3.7)

Thus, the gradient of Q with respect to each parameter of the bandit policy actor

depends on the gradients ofQ with respect to each of the entries in� z (i.e., dQ
d� k

z
for

k = 0; : : : ; j� zj � 1).

Given that we can match the gradients from the traditional actor-critic approach if

we can accurately estimatedQ
d� i

z
(i.e., how mutual information changes from small changes

to one parameter of� z assuming the other parameters are constant), we will use a new

actor-critic architecture. In this architecture, we train, in parallel, parameter-speci�c
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critics Q� i (c; � i
z) to respectively approximateI V (Z ; On jc; � i

z) for i = 0; : : : ; j� zj � 1, in

which � i
z is a scalar representing the skill-conditioned policy in which all entries in� z

take on their greedy values from the actorf � (c) except the i -th parameter which takes

on value � i
z. We then use the trained critics to update the actorf � so that it outputs

more diverse skill-conditioned policies� z using equation 3.7. Figure 3.3 provides a visual

of the parameter-speci�c actor-critic architecture. Note that to train the parameter-

speci�c critics, we also need to train in parallel parameter-speci�c variational posteriors

q i (zjc; � i
z; on ) for i = 0; : : : ; j� zj to minimize the KL divergence between the true posterior

p(zjc; � i
z; on ) and the variational posterior q i (zjc; � i

z; on ).

Algorithm 1 Actor-Critic Method for Maximizing I V (Z ; On jc; � z) w.r.t. � z

for all dimensionsi = 0; : : : ; j� zj � 1 in parallel do
for M iterations do

Update q i :  i   i � � r  i (DKL (p(zjc; � i
z; on )jjq i (zjc; � i

z; on ))) with noisy � i
z

end for
for M iterations do

Update Q� i : � i  � i � � r � i ((Q� i (c; � i
z) � Target)2) with noisy � i

z,
Target = Ez� p(z);on � p(on jc;� i

z ;z) [logq i (zjc; � i
z; on ) � logp(z)]

end for
end for
Update f � : �  � + � r � (

P j � z j� 1
i =0 Q� i (c; � i

z = f � (c)[i ]))

Algorithm 1 provides the full algorithm for the actor-critic method for maximizing

our variational mutual information lower bound with respect to � z. The �rst step is

to train, in parallel and until convergence, all parameter-speci�c variational posteriors

q i (zjc; � i
z; on ) to match the true posteriorsp(zjc; � i

z; on ) for noisy skillsets� i
z. The second

step is to train all parameter-speci�c criticsQ� i (c; � i
z), in parallel and until convergence,

to approximate variational mutual information for noisy skillsets� i
z. The �nal step is to

update the actor.
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Figure 3.4: Sample state trajectories executed by a random policy in four of the �ve
settings. The blue marker in the stochastic four rooms agent is the agent navigating
around. The red marker in the pick-and-place task is the object that can be moved if the
agent is within some threshold. The black square in the RGB QR code tasks is the agent,
and the yellow square in the pick-and-place task is the object that can be moved if the
agent is within some threshold.

3.3 Experiments

We support our hypothesis that maximizing a tighter lower bound on mutual informa-

tion should have a large impact on the size of skillsets an agent can learn through several

experiments.

3.3.1 Environments

We tested our approach and a mix of baselines on �ve environments. All have

fully observable states and low-dimensional underlying state spaces, but they each have

features that make them more di�cult such as stochastic transition dynamics and/or high-

dimensional observations. We need to test on domains with low-dimensional underlying

state spaces because maximizing mutual information is a compute intensive optimization
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as it requires searching across a large space of skillsets. We provide visualizations for four

of the �ve settings in Figure 3.4.

1. 2D Room

Our �rst setting is a 2D room with walls on all four sides. Actions are continuous,

2D vectors and re
ect changes in (x; y) position. Observations are continuous, 2D

vectors and show the agent's (x; y) position. The primary challenge in this domain

relative to the rest is that the skill-starting observation can be anywhere in the

room. That is, the agent needs to learn skillsets from all locations in the room

and these skillsets will di�er signi�cantly depending on where the agent starts. For

instance, the agent's set of skills should act di�erently when the agent starts in

the top left corner of the room versus the center of the room. The remainder of

the environments will have a single starting state. In this task, skills consist of 8

primitive actions, while in the rest, skills consist of 5 primitive actions.

2. Stochastic Four Rooms Navigation

The next setting is another room environment but with stochastic transition dy-

namics. Actions are again 2D and re
ect changes in (x; y) position. Observations

are 2D and show the agent's (x; y) position. But now the transition dynamics work

by �rst executing the agent's action in the current room and then transporting the

agent to the corresponding position in one of the four rooms selected at random. So

if the agent �nished an action at a position (� x; � y) from the center of the bottom

left room, the agent may be transported to a position that is (�x; � y) from the

center of the top right room. Note that the observations show the actual position

rather than the delta from the center of each room.

3. Stochastic Four Rooms Pick-and-Place

This manipulation domain takes place in the same stochastic four rooms setting

except now there is an object that the agent can manipulate if the agent is within a
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certain threshold of the object. Note that in each stochastic transition, the agent

and object will travel to the same randomly selected room.

4. RGB QR Code Navigation

In this domain an agent learns to navigate amid a continually changing RGB-colored

QR code background. Observations are 507-dimensional RGB images and are highly

stochastic as the colored-QR code image fully changes after each action. Actions are

discrete and consist of a horizontal movement (move east/west/stay) and a vertical

movement (move north/south/stay).

5. RGB QR Code Pick-and-Place

This environment is the same as the navigation task except there is now an object

that can be moved if the object is within reach.

Given that the goal of the thesis is to develop unsupervised skill discovery approaches

that can learn large skillsets, we evaluate agents by the variational mutual information of

the skillsets they have learned.

3.3.2 Baselines

We compare our approach to a mix of baselines. In the 2D room task we compare

to Variational Intrinsic Control (VIC) (Gregor et al., 2016), Diversity Is All You Need

(DIAYN) (Eysenbach et al., 2019), Contrastive Successor Features (CSF) (Zheng et al.,

2025a), and a variant of our approach where we train the parameter-speci�c critics

to approximate the loose lower bound of mutual information where the parameter-

speci�c variational posteriors are not conditioned on the skillset under consideration.

The remaining four environments compare our approach to VIC and a variant of Goal-

Conditioned RL (Choi et al., 2021).

We compare to VIC and DIAYN in order to compare to two of the original pure

empowerment-based skill discovery methods. VIC is similar to our approach as it maxi-
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mizes the mutual information between skills and skill-terminating observations, but uses

the loose lower bound on the mutual information by not including the candidate skillset

in the variational posterior. DIAYN uses a di�erent mutual information than both VIC

and our approach as it is between skills and observations from randomly selected time

steps along a trajectory. DIAYN also includes a policy entropy term in the objective that

encourages stochastic policies. We compare to CSF as it is one of the leading algorithms

among the recent wave of unsupervised skill discovery approaches. CSF provides a mutual

information-based version of METRA (Park et al., 2024b), which is another leading

approach. We compare to the baseline of our approach that uses the loose lower bound

to assess whether the performance of our approach is due to the tighter bound or the

bandit style approach to skillset optimization. We also compare to a goal-conditioned

RL approach as these have been successful in deterministic settings but are generally not

tested in stochastic settings where speci�c states cannot be achieved with high probability.

3.3.3 Results

Table 3.1: Average (� std) variational mutual information of learned skillsets (nats)

Algorithm 2D Room 4 Rooms Nav 4 Rooms Pick QR Nav QR Pick

Ours 8:0 � 0:0 5:1 � 0:3 8:7 � 0:3 3:5 � 0:1 6:0 � 0:2
VIC 4:1 � 1:3 0:2 � 0:4 � 0:1 � 0:3 � 0:4 � 0:0 � 0:6 � 0:1
DIAYN � 0:4 � 0:0 N/A N/A N/A N/A
CSF � 0:4 � 0:7 N/A N/A N/A N/A
Loose Bound 4:1 � 0:8 N/A N/A N/A N/A
GCRL N/A 0 :3 � 0:4 3:9 � 0:6 � 0:4 � 0:3 � 2:6 � 5:8

Table 4.1 provides the average variational mutual information (5 random seeds) for

our approach and the set of baselines. The results are reported in the logarithm unit of

nats. For instance, the skillset our approach learned in the 2D room contains 8:0 nats

of skills, which is equivalent to around 2980 skills. As the table reports, our approach

learned vastly larger skillsets than the baselines in all settings. The baseline that came

closest was VIC in the 2D room, but our approach still learned around 50 times more
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Figure 3.5: Some visualization of the entropy terms in the 2D room domain. Both the
left and center images visualize theH (On) entropy term, which shows the observation
coverage of the skillset. Speci�cally, the left image shows the trajectories from a single
starting observation produced by 45 randomly sampled skills. The center image shows
the skill-terminating (x; y) positions from 1000 randomly sampled skills when starting
at the green marker near the bottom left corner. The right image visualizes theH (Z)
and H (Z jOn ) entropy terms, which sample skills from the �xed skill spacep(z) and the
trained variational posterior q (zjo0; � z; on), respectively. The randomly sampled skills
are shown by the 20 squares. For each skill, 5 samples from the variational posterior
q (zjc0; � z; on) are shown as circles. The large observation coverage and the very tight
variational posterior around each skill shows the agents is learning large, diverse skillsets.

skills (our skillset had 3.9 more nats of skills).

We can also assess the performance of our approach by visualizing the four entropy

terms in the symmetric version of the mutual information between skills and observations:

H (On), H (On jZ ), H (Z ), and H (Z jOn). For instance, Figure 3.5 visualizes theH (On),

H (Z ), and H (Z jOn) terms for the 2D room domain. As theH (On) images show, the

skills in the learned skillset target nearly all the possible observations. TheH (Z jOn)

image, which visualizes the samples from the tight variational posterior, shows that skills

are targeting highly precise (x; y) coordinates. Figures 3.6-3.9 visualize the entropy terms

for the remaining settings. These similarly show that our approach is learning large and

diverse skillsets.
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Figure 3.6: Entropy visualizations for the stochastic four rooms domain. Left image
visualizesH (On ) by marking the skill-terminating state from 1000 skills randomly sampled.
The center image visualizesH (On jZ ) by showing 12 samples of skill-terminating states
from 4 speci�c skills randomly sampled. The right image visualizes (i)H (Z ) by showing
the skill space (black rectangle) and (ii)H (Z jOn ) by showing samples of the variational
posterior (empty circles) for four di�erent skills (�lled squares)).

Figure 3.7: Images show the entropy visualizations for the stochastic four rooms pick-and-
place domain. The left image shows the skill-terminating observationson that result from
1000 skills uniformly sampled from the learned skill space. The near uniform coverage
of the observation space shows thatH (On) is large. The middle image focuses on four
skills, uniformly sampled from the skill space, and for each skill shows 12 samples of
skill-terminating observations. Per the image, each skill targets an abstract observation
representing an o�set from the center of a room for both the agent and object, showing
that H (On jZ ) is low. The right image focuses on four skills and shows 5 samples from
the variational posterior q (zjo0; l; � z; on). Per the image, the samples form a narrow
distribution around the executed skill, showing thatH (Z jOn ) is low.
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Figure 3.8: Entropy visualizations for the RGB QR code navigation task. Left image
visualizesH (On ) by marking the skill-terminating states on produced by executing 1000
samples of skills from the learned skill space. Center image visualizesH (On jZ ) by executing
four skills 12 times each and recording the skill-terminating observations. Each skill targets
an abstract (x,y) position. The right image shows samples from the variational posterior
distribution. Note that in this case, the latent space is four dimensional even though the
underlying state space is two dimensional. Because the agent does not need those extra
dimensions, you see the horizontal lines in the variational posterior visualization.

Figure 3.9: Entropy visualizations for the RGB QR code pick-and-place tasks. Left image
visualizesH (On ) by marking the skill-terminating observationson produced by executing
1000 samples of skills from the learned skill space. Center image visualizesH (On jZ ) by
executing four skills 12 times each and recording the skill-terminating states. Each skill
targets an abstract (x,y) position for both the agent and object. The right image shows
samples from the variational posterior distribution. Per the visuals, as expected, the agent
learns a diverse skillset asH (On) is large while the conditional entropiesH (On jZ ) and
H (Z jOn ) are small.
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CHAPTER 4

Reducing State Uncertainty from

Belief State Aliasing using

Empowerment

The previous chapter showed how empowerment addresses the problem of learning

diverse sets of policies in an unsupervised manner. Yet, agents will not be able to learn

many distinct policies if the agent operates in representations with high uncertainty in

the underlying state. This is because more uncertainty produces more randomness in the

transition dynamics, which in turn broadens the distributions of observations a skill targets.

If this broadening results in skills targeting overlapping distributions of observations, the

skills can become redundant and the number of distinct skills in a skillset falls. Thus, a

second major challenge to learning large skillsets in an unsupervised manner is minimizing

state uncertainty.

In order to manage state uncertainty, agents must address the two sources of state

uncertainty. One source is from the inherent partial observability in the environment. That

is, for some histories of actions and observationsht , the probability of the underlying state

(i.e., p(st jht )) will not always be 1. For instance, when the agent in the drone setting in
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Figure 1.4 has not seen which button is the start button for the drone, the agent will have

some uncertainty about the underlying state (i.e.,p(left button == On j history ht ) =

1
2). The second source of state uncertainty is from poor representation learning that

causes belief state aliasing. Belief state aliasing occurs when an agent's RNN (or other

representation learning function such as an observation encoder in fully observable settings)

takes two histories of actions and observations with di�erent underlying distributions of

state (i.e., di�erent belief states) and encodes them to the same or similar representations.

Figure 1.2 depicts this situation in the drone setting where the agent's RNN maps two

histories, where one history signals that the left button is the \On" button while the other

history signals that the right button is the \On" button, to the same representation. For

this aliased representationc, p(left button == On j c) = 1
2. As a result of both of these

sources of uncertainty, the size of the skillset that can be executed from representationc

falls because the agent cannot reliably control the drone.

This chapter shows how maximizing empowerment with respect to the parameters of

the representation learning function discourages belief state aliasing. That is, maximizing

empowerment with respect to an RNN, for instance, encourages the RNN to disentangle

histories representing di�erent underlying distributions of states. This should be an

intuitive result because if some belief state aliasing is depressing the size of an agent's

skillset, training the RNN to maximize the size of an agent's skillset using empowerment

should naturally encourage the RNN to disentangle these aliased histories. To bolster this

hypothesis, this chapter provides both theoretical and empirical support.

We provide two theorems showing how empowerment encourages agents to seek

information (i.e., reduce uncertainty) about their underlying state through representation

learning. First, we prove that the average empowerment produced by an RNN is maximized

when the agent's representations are su�cient statistic representations of histories with

respect to the underlying state. That is, empowerment is maximized when there is no

belief state aliasing in the agent's representations. This result is notable because it
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Figure 4.1: Our second theorem shows that Empowerment provides a dense reward for
discouraging belief state aliasing. That is, RNNs are rewarded for disentangling histories
that represent di�erent underlying distributions of states even if the RNN is not able
to fully disentangle histories. For instance, if the RNN has two options: (i) make no
change and (ii) disentangle a group of eight histories such that they are broken up into
two representations, empowerment will encourage the RNN to perform the latter even
though it does not fully disentangle the histories.

means that training an RNN to maximize empowerment can be an objective for learning

representations with minimal belief state uncertainty. Yet, this theorem does not provide

evidence that the empowerment reward is dense with respect to the RNN. It may take

numerous small changes for an RNN to output su�cient statistic representations of

histories and the �rst theorem alone does not explain whether empowerment reward is

su�ciently dense to encourage the RNN to make these changes.

Our second theorem proves that empowerment is a dense reward by showing that

given any two RNNs, if one RNN provides more information about the underlying state

than the other, then the average empowerment produced by the more informative RNN

will be at least as large as the average empowerment produced by the other RNN (and

larger under some easily achievable conditions), and thus the empowerment objective

will prefer the RNN that provides more information. As a result, empowerment is a

dense reward as it encourages RNNs to disentangle representations even if the resulting

representations are not yet su�cient statistic representations. For instance, as described

in Figure 4.1, if an RNN is deciding between two options in which one option involves
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no change to its parameters, and the second option involves disentangling a set of eight

histories that correspond to di�erent belief states such that the set of eight is split into

two representations, empowerment will encourage this disentanglement so long as it

increases the agent's skillset. Future RNN updates can then try to further disentangle the

remaining histories. We also note that empowerment not only encourages more informative

representations, but it will encourage the RNN to disentangle those representations that

are most depressing the size of an agent's skillset. In real-world settings there may be

numerous histories with di�erent belief states that become entangled, but many of these

aliased state features will have little to no impact on the agent's skillset size and thus

should not be a priority for disentanglement. By training the RNN to directly maximize

skillset size, the RNN should prioritize the particular belief state aliasing that most a�ects

the number of distinct skills in an agent's skillset.

We also support our claim that empowerment discourages belief state aliasing with

a series of empirical results. In both fully observable and partially observable settings,

we show that empowerment enables agents to simultaneously learn skills and informative

representations, ultimately resulting in large skillsets. Our approach vastly outperforms

other baselines such as VIC Gregor et al. (2016), DIAYN (Eysenbach et al., 2019), CSF

(Zheng et al., 2025a), and variations of our approach.

4.1 Theoretical Analysis

We next provide our two theorems. The purpose of the �rst theorem is to show

that average empowerment produced by an RNN can be no larger than the average

empowerment produced by a representation function that outputs su�cient statistic

representations. That is, the average empowerment produced by an RNN is maximized

when it outputs su�cient statistic representations of histories with respect to the underlying

state. This is an important result because it shows empowerment can be an objective for

removing belief state aliasing without actually needing access to the underlying state space.
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Yet this theorem does not provide evidence that empowerment can be a dense reward for

continually encouraging information seeking (i.e., uncertainty reduction). The purpose

of the second theorem is to show that empowerment is a dense reward for information

seeking. This theorem shows that if there are two RNNs and one RNN provides additional

information about the underlying state, it will produce larger average empowerment under

certain conditions and thereby be encouraged by the empowerment objective.

Theorem 2. Let � be the parameters of any RNNf � : C � A � O ! C and let � x :

X � A � O ! X be a function that takes as input su�cient statisticsx t , actions at , and

observationsot+1 and outputs su�cient statistic representationsx t+1 , then the average

empowerment produced by� is upper bounded by the average empowerment produced by

� x : Ec0 � p(c0 j � ) [E(c0; � )] � Ex0 � p(x0 j � x ) [E(x0; � x )].

Proof.

Ec0 � p(c0 j � ) [E(c0; � )] = Ec0 � p(c0 j � ) [I (Z ; On jc0; �; � �
z)] (4.1)

� Ec0 � p(c0 j � );x0 � p(x0 jc0 ;� ) [I (Z ; On jc0; x0; �; � �
z)] (4.2)

� Ex0 � p(x0 j � x ) [I (Z ; On jx0; � x ; � x
z )] (4.3)

� Ex0 � p(x0 j � x ) [I (Z ; On jx0; � x ; � x; �
z )] (4.4)

= Ex0 � p(x0 j � x ) [E(x0; � x )] (4.5)

Line 4.1 applies the de�nition of the empowerment of the tuple (c0; � ), in which

c0 is a learned representation and� is a set of RNN parameters. � �
z represents the

mutual information maximizing skill-conditioned policy parameters when the starting

representation isco and the RNN parameters are� .

The lower bound in line 4.2 applies the convexity property of mutual information with

respect to the channel distribution (Cover and Thomas, 2006; Capdepuy, 2011). The
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convexity property states that in a mutual information I (A; B), if the channel distribution

(i.e., the distribution p(bja) for all p(a; b) > 0) is a weighted mixture of channelsp(bja; c)

(i.e., p(bja) =
R

c p(c)p(bja; c)), then the original mutual information of the mixed channel is

upper bounded by the average mutual information of the individual channels in the mixture

(i.e., I (A; B) � Ec� p(c) [I (A; B jC)]). In our case, the channel distribution, which provides

the distribution of skill-terminating observations given (i) the starting representationc0,

(ii) RNN parameters � , (iii) skill-conditioned policy � �
z , and (iv) skill z, is p(on jc0; �; � �

z ; z).

And this channel distribution is a weighted mixture of the channels that also include

the su�cient statistic representation: p(on jc0; �; � �
z ; z) =

R
x0

p(x0jc0; � )p(on jc0; x0; �; � �
z ; z).

Consequently,I (Z ; On jc0; �; � �
z) � Ex0 � p(x0 ;� ) [I (Z ; On jc0; x0; �; � �

z)]:

Line 4.3 removes the dependence on the RNN parameterized by� by (i) using the

RNN de�ned by � x to produce the representations that serve as the input to the skill-

conditioned policy and (ii) replacing� �
z with a speci�c skill-conditioned policy � x

z . As

we will show, this will replace each mutual information term,I (Z ; On jc0; x0; �; � �
z), with

a new mutual information term, I (Z ; On jx0; � x ; � x
z ), that is at least as large. For each

context x0, � x
z will be constructed as follows. For eachx0, �nd the tuple ( c0; x0) with

the largest I (Z ; On jc0; x0; �; � � ) as there can be multiple contextsc0 associated with the

same su�cient statistic x0. Then, for eachx0 let � x
z be the skill-conditioned policy dis-

tribution p(at jx0; xt ) =
R

ct
p(ct jc0; x0; xt ; st )p(at jc0; x0; xt ; ct ; st ) =

R
ct

p(ct jc0; x0; xt )p(at jct ),

in which p(at jct ) is the probability speci�ed by the skill-conditioned policy de�ned by

� �
z . p(ct jc0; x0; xt ; st ) = p(ct jc0; x0; xt ) because given the tuple (c0; x0), Ct ! X t ! St

form a Markov chain. (Note that the skill-conditioned policies in this proof will take as

input the step number t as input, or there cann skill-conditioned policies for each of

the n actions taken in a skill). Thus, the skill-conditioned policy� x
z will have the same

distribution over actions as executed by� �
z when conditioned on the contextsx t from the

RNN de�ned by � x . Next, we show that for all (c0; x0), the original mutual information

I (Z ; On jc0; x0; �; � �
z ) is upper bounded by the new mutual informationI (Z ; On jx0; � x ; � x

z ).
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We �rst show that for each mutual information term I (Z ; On jc0; x0; �; � �
z) from which

� x
z was constructed in the previous step,I (Z ; On jx0; � x ; � x

z ) = I (Z ; On jc0; x0; �; � �
z). That

is, we replace the original mutual information term with an equivalent mutual information

term. Given that the source distributionsp(z) are the same by de�nition as they are

�xed, to show that the mutual information terms are the same, we need to show that

the channel distributions p(on jc0; x0; �; � �
z ; z) = p(on jx0; � x ; � x

z ; z) are the same for all

(z; on) tuples. We show this below by proving by induction that the joint distributions

p(x t � 1; st � 1; at � 1; st ; ot ; xt jc0; x0; �; � �
z ; z) = p(x t � 1; st � 1; at � 1; st ; ot ; xt jx0; � x ; � x

z ; z) for t =

1; : : : ; n. Then because the joint distributionsp(xn� 1; sn� 1; an� 1; sn ; on ; xn jc0; x0; �; � �
z ; z) =

p(xn� 1; sn� 1; an� 1; sn ; on ; xn jx0; � x ; � x
z ; z) for the last time step, the channel distributions

are equal:p(on jc0; x0; �; � �
z ; z) = p(on jx0; � x ; � x

z ; z).

The proof by induction goes as follows. In the base case att = 1, the distribution

p(x0jc0; x0; �; � �
z ; z) = p(x0jx0; � x ; � x

z ; z) because the samex0 appears in the conditioning

variables. p(s0jc0; x0; �; � �
z ; z) = p(s0jx0; � x ; � x

z ; z) becauseC0 ! X 0 ! S0 form a Markov

chain. p(a0jc0; x0; �; � �
z ; z; s) = p(a0jc0; x0; �; � �

z ; z) = p(a0jx0; � x ; � x
z ; z) using the de�nition

of � x
z . p(s1; o1jc0; x0; �; � �

z ; z; s0; a0) = p(s1; o1jx0; � x ; � x
z ; z; s0; a0) as the next states1 and

observationo1 only depend ons0 and a0 and is independent of the other variables. Lastly,

p(x1jc0; x0; �; � �
z ; z; s0; a0; o1) = p(x1jx0; � x ; � x

z ; z; s0; a0; o1) because the next contextx1

only depends onx0; a0; o1, which are the same in both cases. Thus, the base case of the in-

duction proof is true asp(x0; s0; a0; o1; x1jc0; x0; �; � � ; z) = p(x0; s0; a0; o1; x1jx0; � x ; � x
z ; z).

Assuming the proof holds throught = k� 1, then at stept = k, p(xk� 1; sk� 1jc0; x0; �; � �
z ; z) =

p(xk� 1; sk� 1jx0; � x ; � x
z ; z) because the joint distributionsp(xk� 2; sk� 2; ak� 2; ok� 1; xk� 1jc0; x0; �; � �

z ; z) =

p(xk� 2; sk� 2; ak� 2; ok� 1; xk� 1jx0; � x ; � b
z; z). p(ak� 1jc0; x0; �; � �

z ; z; xk� 1) = p(ak� 1jx0; � x ; � x
z ; z; xk� 1)

using the de�nition of � x
z . Again, p(sk ; ok ; xk jc0; x0; �; � �

z ; z; xk� 1; sk� 1; ak� 1) = p(sk ; ok ; xk jx0; � x ; � x
z ; z; xk� 1; sk� 1; ak� 1)

as sk ; ok only depend onsk� 1 and ak� 1 and xk only depends onxk� 1; ak� 1; ok . Thus, the

induction proof holds through stept = k as p(xk� 1; sk� 1; ak� 1; sk ; ok ; xk jc0; x0; �; � �
z ; z) =

p(xk� 1; sk� 1; ak� 1; sk ; ok ; xk jx0; � x ; � x
z ; z).
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Thus, I (Z ; On jx0; � x ; � x
z ) = I (Z ; On jc0; x0; �; � �

z) for those (c0; x0) tuples from which

� x
z was constructed. For the other smallerI (Z ; On jc0; x0; �; � �

z) terms that were not used

to construct � x
z , these will also be replaced byI (Z ; On jx0; � x ; � x

z ). If in these replacements,

the new mutual information I (Z ; On jx0; � x ; � x
z ) > I (Z ; On jc0; x0; �; � �

z), the inequality in

line 4.3, will be replaced by a strictly less than.

In line 4.4, the lower bound results from replacing the skill-conditioned policy� x
z with

the optimal skill-conditioned policy � x; �
z for the speci�c x0 context and RNN de�ned by

� x . If this replacement produces larger mutual information, then the inequality becomes

a strictly less than.

The �nal line 4.5 uses the de�nition of the empowerment of a su�cient statistic x0

with representation distribution de�ned by � x . This completes the proof that an RNN

de�ned by � produces an average empowerment that is upper bounded by the averaged

empowerment of a function� x that generates su�cient statistic representations.

Theorem 3. Let � a and � b be the parameters of two RNNs such that for any joint

distribution p(h; ca
0; cb

0; s) in which h is a history, ca
0 and cb

0 are the contexts produced by

processing the history through the two respective RNNsa and b, and s be a state sampled

from the belief state distributionp(sjh). Assuming (i) I (Cb
0; SjCa

0 ) > 0 (i.e., � b provides

more information about the underlying state than� a) and (ii) Ca
t ! Cb

t ! St form a

Markov chain when conditioned onca
0; cb

0 for t = 0; 1; : : : ; n� 1, then Eca
0 � p(ca

0 j � a ) [E(ca
0; � a)] �

Ecb
0 � p(cb

0 j � b) [E(cb
0; � b)].
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Proof.

Eca
0 � p(ca

0 j � a ) [E(ca
0; � a)] = Eca

0 � p(ca
0 j � a ) [I (Z ; On jca

0; � a; � a;�
z )] (4.6)

� Eca
0 � p(ca

0 j � a );cb
0 � p(cb

0 jca
0 ;� a ) [I (Z ; On jca

0; cb
0; � a; � a;�

z )] (4.7)

� Ecb
0 � p(cb

0 j � b) [I (Z ; On jcb
0; � b; � b

z)] (4.8)

� Ecb
0 � p(cb

0 j � b) [I (Z ; On jcb
0; � b; � b;�

z )] (4.9)

= Ecb
0 � p(cb

0 j � b) [E(cb
0; � b)] (4.10)

Line 4.6 applies the de�nition of the empowerment of the tuple containing a context

representation and RNN parameters.� a;� represents the mutual information maximizing

skill-conditioned policy parameters for the (context, RNN) tuple of (ca
0; � a).

The lower bound in line 4.7 applies the convexity property of mutual information with

respect to the channel distribution (Cover and Thomas, 2006; Capdepuy, 2011). In our case,

if the RNN de�ned by � b provides more information about the underlying state than� a (i.e.,

I (Cb; SjCa) > 0), then the channel distributionp(on jca
0; � a; � a;�

z ; z) is a weighted mixture of

channelsp(on jca
0; cb

0; � a; � a;�
z ; z) (i.e., p(on jca; � a; � a;�

z ; z) =
R

cb
0
p(cb

0jca
0; � a)p(on jca

0; cb
0; � a; � a;�

z ; z))

and so the mutual information of the mixed channelI (Z ; On jca
0; � a; � a;�

z ) is upper bounded

by the average mutual information of the individual channelsEcb
0 � p(cb

0 jca
0 ) [I (Z ; On jca

0; cb
0; � a; � a;�

z )].

Line 4.8 removes the dependence on the RNN parameterized by� a by (i) using the

RNN de�ned by � b to produce the representations that serve as inputs to the skill-

conditioned policy and (ii) replacing� a;�
z with a speci�c skill-conditioned policy � b

z. As

we will show, this will replace each mutual information term,I (Z ; On jca
0; cb

0; � a; � a;�
z ),

with a new mutual information term, I (Z ; On jcb
0; � b; � b

z), that is at least as large. For

each contextcb
0, � b

z will be constructed as follows. For eachcb
0, �nd the tuple ( ca

0; cb
0)

with the largest I (Z ; On jca
0; cb

0; � a; � a;� ) as there can be multiple contextsca
0 associated
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with the same cb
0. Then, for eachcb

0 let � b
z be the skill-conditioned policy distribution

p(at jcb
0; cb

t ) =
R

ca
t

p(ca
t jca

0; cb
0; cb

t ; st )p(at jca
0; cb

0; cb
t ; ca

t ; st ) =
R

ca
t

p(ca
t jca

0; cb
0; cb

t )p(at jca
t ), in which

p(at jca
t ) is the probability speci�ed by the skill-conditioned policy de�ned by � a;�

z . That is,

the skill-conditioned policy � b
z will have the same distribution over actions as executed by

� a;�
z when conditioned on the contextscb

t from the RNN de�ned by � b. Next, we show that

for all (ca
0; cb

0), the original mutual information I (Z ; On jca
0; cb

0; � a; � a;�
z ) is upper bounded

by the new mutual information I (Z ; On jcb; � b; � b
z).

We �rst show that for each mutual information term I (Z ; On jca
0; cb

0; � a; � a;�
z ) from which

� b
z was constructed in the previous step,I (Z ; On jcb

0; � b; � b
z) = I (Z ; On jca

0; cb
0; � a; � a;�

z ). That

is, we replace the original mutual information term with an equivalent mutual information

term. Given that the source distributionsp(z) are the same by de�nition as they are

�xed, to show that the mutual information terms are the same, we need to show that

the channel distributions p(on jca
0; cb

0; � a; � a;�
z ; z) = p(on jcb

0; � b; � b
z; z) are the same for all

(z; on) tuples. We show this below by proving by induction that the joint distributions

p(cb
t � 1; st � 1; at � 1; st ; ot ; cb

t jc
a
0; cb

0; � a; � a;�
z ; z) = p(cb

t � 1; st � 1; at � 1; st ; ot ; cb
t jc

b
0; � b; � b

z; z) for t =

1; : : : ; n. Then because the joint distributionp(cb
n� 1; sn� 1; an� 1; sn ; on ; cb

n jca
0; cb

0; � a; � a;�
z ; z) =

p(cb
n� 1; sn� 1; an� 1; sn ; on ; cb

n jcb
0; � b; � b

z; z) at the last time step, the channel distributions are

equal: p(on jca
0; cb

0; � a; � a;�
z ; z) = p(on jcb

0; � b; � b
z; z).

The proof by induction goes as follows. In the base case att = 1, the distribution

p(cb
0jca

0; cb
0; � a; � a;�

z ; z) = p(cb
0jcb

0; � b; � b
z; z) because the samecb

0 appears in the conditioning

variables. p(s0jca
0; cb

0; � a; � a;�
z ; z) = p(s0jcb

0; � b; � b
z; z) becausep(s0jca

0; cb
0; z) = p(s0jcb

0; z)

per the Markov assumption in the theorem statement. p(a0jca
0; cb

0; � a; � a;�
z ; z; s0) =

p(a0jca
0; cb

0; � a; � a;�
z ; z) = p(a0jcb

0; � b; � b
z; z) using the de�nition of � b

z. p(s1; o1jca
0; cb

0; � a; � a;�
z ; z; s0; a0) =

p(s1; o1jcb
0; � b; � b

z; z; s0; a0) as the next states1 and observationo1 only depends ons0 and

a0 and are independent of the other variables. Lastly,p(cb
1jca

0; cb
0; � a; � a;�

z ; z; s0; a0; o1) =

p(cb
1jcb

0; � b; � b
z; z; s0; a0; o1) because the next contextcb

1 only depends oncb
0; a0; o1, which

are the same in both cases. Thus, the base case of the induction proof is true as
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p(cb
0; s0; a0; s1; o1; cb

1jca
0; cb

0; � a; � a;�
z ; z) = p(cb

0; s0; a0; s1; o1; cb
1jcb

0; � b; � b
z; z).

Assuming the proof holds throught = k� 1, then at stept = k, p(cb
k� 1; sk� 1jca

0; cb
0; � a; � a;�

z ; z) =

p(cb
k� 1; sk� 1jcb

0; � b; � b
z; z) because the joint distributionp(cb

k� 2; sk� 2; ak� 2; sk� 1; ok� 1; cb
k� 1jca

0; cb
0; � a; � a;�

z ; z) =

p(cb
k� 2; sk� 2; ak� 2; sk� 1; ok� 1; cb

k� 1jcb
0; � b; � b

z; z). p(ak� 1jca
0; cb

0; � a; � a;�
z ; z; cb

k� 1; sk� 1) = p(ak� 1jca
0; cb

0; � a; � a;�
z ; z; cb

k� 1) =

p(ak� 1jcb
0; � b; � b

z; z; cb
k� 1) using the de�nition of � b

z. Again, p(sk ; ok ; cb
k jca

0; cb
0; � a; � a;�

z ; z; cb
k� 1; sk� 1; ak� 1) =

p(sk ; ok ; cb
k jcb

0; � b; � b
z; z; cb

k� 1; sk� 1; ak� 1) as sk ; ok only depend onsk� 1 and ak� 1 and cb
k

only depends oncb
k� 1; ak� 1; ok . Thus, the induction proof holds through stept = k as

p(cb
k� 1; sk� 1; ak� 1; sk ; ok ; cb

k jca
0; cb

0; � a; � a;�
z ; z) = p(cb

k� 1; sk� 1; ak� 1; sk ; ok ; cb
k jcb

0; � b; � b
z; z).

Thus, I (Z ; On jcb
0; � b; � b

z) = I (Z ; On jca
0; cb

0; � a; � a;�
z ) for those (ca

0; cb
0) tuples from which

� b
z was constructed. For the other smallerI (Z ; On jca

0; cb
0; � a; � a;�

z ) terms that were not used

to construct � b
z, these will also be replaced by theI (Z ; On jcb

0; � b; � b
z) terms that are at

least as large asI (Z ; On jca
0; cb

0; � a; � a;�
z ). If the replacement mutual information terms are

larger, then the inequality in line 4.8 will be replaced by a strictly less than.

In line 4.9, the lower bound results from replacing the skill-conditioned policy� b
z with

the optimal skill-conditioned policy � b;�
z for the speci�c cb

0 context and RNN de�ned by � b.

If this replacement produces larger mutual information, then the inequality becomes a

strictly less than.

The �nal line 4.10 uses the de�nition of the empowerment of a contextcb
0 with

representation distribution de�ned by � b. This completes the proof that an RNN de�ned

by � b providing more information on the underlying state than an RNN de�ned by� a,

produces average empowerment that is at least as large as the other RNN.
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4.2 Maximizing Mutual Information w.r.t. Skills and

Representations

Maximizing empowerment with respect to a representation function in practice involves

maximizing a mutual information objective with respect to both a skill-conditioned policy

and a representation function:

max
�

Ec0 � p(c0 j � ) [E(c0; � )] � max
�;f �

Ec0 � p(c0 j � ) [I (Z ; On jc0; �; � z = f � (c0))] : (4.11)

� is the parameters of the representation function andf � is a function that outputs the

skill-conditioned policy parameters for a particular contextc0. Thus, the left side of 4.11

shows the objective of maximizing, with respect to the representation learning parameters,

the average empowerment of the context representations produced by a candidate set of

representation learning parameters. Given that the empowerment of a representation still

needs to be learned, we maximize a lower bound of this average empowerment objective, in

which the maximum mutual information is replaced with the current mutual information

term.

To maximize the mutual information term objective in equation 4.11, we use two actor-

critic architectures. The �rst actor-critic is the same as the one introduced in Chapter

3. The actor f � : C ! � z maps context representationsc to a vector representing the

parameters of a skill-conditioned policy. The parameter-speci�c criticsQ� i : C � � i
z ! R

approximate the mutual information of skillsets de�ned by the scalar� i
z, which represents

a skill-conditioned policy in which all dimensionsj 6= i are set to the greedy values

of f � (c0)[j ], while the i -th component is set to � i
z. To help the parameter-speci�c

critics approximate variational mutual information, the �rst actor-critic also includes

parameter-speci�c variational posteriorsq i (zjc0; �; � i
z; on ) that are trained to match the

true posteriors of candidate skillsets.
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The second actor-critic is responsible for training the representation learning parameters

(e.g., the parameters of an RNN) such that they produce high average empowerment.

The actor f 
 : v ! � maps a �xed vector v to the representation learning parameters� .

The parameter-speci�c criticsQ� i : � i ! R approximate the average mutual information

produced by the set of representation learning parameters� i :

Q� i (� i ) � Ec0 � � i [E(c0; � i )]: (4.12)

Similar to � i
z, � i is a scalar that represents the vector of representation learning parameters

in which dimensionsj 6= i take on the greedy value from the actorf 
 (v)[j ], while the i -th

dimension assumes value� i . Also, similar to the �rst actor-critic, to assist the parameter-

speci�c critics in approximating average mutual information, the second actor-critic will

also have parameter-speci�c variational posteriorsq i (zjc0; � i ; on) that are trained to

match the true posteriors of candidate skillsets. Note the repeated use of i notation is

for simplicity. Di�erent sets of variational posterior parameters are used in the �rst and

second actor-critics.

Algorithm 2 provides the algorithm for updating both the skill discovery and represen-

tation learning actor-critics, which are visualized in Figure 4.2. The algorithm alternates

between updating the two actor-critics. For each actor-critic update, the parameter-speci�c

critics are initially updated by �rst updating the parameter-speci�c variational posteriors

and then the parameter-speci�c critics. For instance, for the skill discovery actor-critic,

the variational posteriorsq i (zjc0; � i
z; on) are �rst trained to match the true posteriors

p(zjc0; � i
z; on) for noisy � i

z for M iterations (M = 300 in our experiments). Then the

parameter-speci�c criticsQ� i (c0; � i
z) are trained to approximate the variational mutual

information I V (Z ; On jc0; � i
z) for noisy � i

z for M iterations. After the variational posteriors

and critics have been updated during each actor-critic update, the actor is then updated

once using an objective that sums all the parameter-speci�c critic objectives. For instance,

in the representation learning actor-critic, the actorf 
 is updated using the objective
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Figure 4.2: We use two actor-critic architectures to maximize our average mutual in-
formation with respect the parameters of a skill-conditioned policy and an RNN. The
actor-critic on the left is designed to learn diverse skillsets across various contextsc0.
The actor f � (c0) maps a context to a skillset� z. The parameter-speci�c critics measure
how many distinct skills are in each skillset� i

z using variational mutual information. The
actor-critic on the right is designed to learn RNNs that output representations producing
large average mutual information across all contexts. The actorf � (a) maps a constant
vector a to the parameters,� , of the RNN. Each parameter-speci�c critic measures the
average mutual information produced by the RNN de�ned by the scalar� i .
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Algorithm 2 Skill Discovery and Representation Learning with Empowerment

. Update Skill Discovery Actor-Critic
for all dimensionsi = 0; : : : ; j� zj � 1 in parallel do

for M iterations do . Update Variational Posterior
Update q i :  i   i � � r  i (DKL (p(zjc0; � i

z; on )jjq i (zjc0; � i
z; on ))) with noisy � i

z
end for
for M iterations do . Update Critic

Update Q� i : � i  � i � � r � i ((Q� i (c0; � i
z) � Target)2) with noisy � i

z,
Target = Ez� p(z);on � p(on jc0 ;� i

z ;z) [logq i (zjc0; � i
z; on ) � logp(z)]

end for
end for
Update f � : �  � + � r � (

P j � z j� 1
i =0 Q� i (c0; � i

z = f � (c0)[i ])) . Update Actor

. Update Representation Learning Actor-Critic
for all dimensionsi = 0; : : : ; j� j � 1 in parallel do

for M iterations do . Update Variational Posterior
Update q i :  i   i � � r  i (DKL (p(zjc0; � i ; on )jjq i (zjc0; � i ; on ))) with noisy � i

end for
for M iterations do . Update Critic

Update Q� i : � i  � i � � r � i ((Q� i (� i ) � Target)2) with noisy � i ,
Target = Ec0 � p(c0 j � i );z� p(z);on � p(on jc0 ;� i ;z) [logq i (zjc0; � i ; on ) � logp(z)]

end for
end for
Update f 
 : 
  
 + � r 
 (

P j � j� 1
i =0 Q� i (� i = f 
 (a)[i ])) . Update Actor
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Figure 4.3: Sample image observations from each of the four high-dimensional fully
observable settings.

J (
 ) =
P j � j� 1

i =0 Q� i (� i = f 
 (v)[i ]), where f 
 (v)[i ] outputs the i -th component of the vector

f 
 (v).

4.3 Experiments

The central hypothesis of this chapter is that agents can reduce uncertainty and thereby

learn large skillsets by jointly maximizing mutual information with respect to both skillsets

and representations. We evaluate our approach that implements this hypothesis as well

as a collection of baselines in a series of experiments.

4.3.1 Environments

We tested our approach and baselines in both fully observable and partially observable

settings.

Fully Observable Domains: We implemented the following six fully observable do-

mains. The �rst setting was a simple two-dimensional square room with a two-dimensional

observation space and a two-dimensional continuous action space. The second setting was

a stochastic version of the �rst setting, in which two extra dimensions are added to the

observation and these two dimensions are randomly sampled from the range [� 1; 1]. The

remaining four settings have high-dimensional observations that consist of 32x32 grayscale
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images (1,024 dimensions). The �rst of these settings is again a two-dimensional room in

which the room is black and the agent is white. The second high-dimensional setting is a

stochastic version of the previous setting in which darker background pixels are randomly

sampled from a range of black to gray colors. The third high-dimensional setting is a

\plus" shaped intersection of horizontal and vertical hallways. The �nal high-dimensional

setting is a pushing task where the agent can move around an object if the object is within

a certain distance. Figure 4.3 shows sample image observations from the high-dimensional

settings. Note that these high-dimensional tasks are signi�cantly harder than those in the

prior chapter, because the starting observation can be mostly anywhere in the environment

so the agent needs to learn large skillsets from most locations in the environment. The

number of primitive actions in each skilln = 7 for all tasks.

In addition to the experiments described so far where we focus on skill discovery, we

also implemented a set of downstream RL experiments in all the high-dimensional settings

except the push task. We implemented these downstream RL tasks as Goal-Conditioned

RL (GCRL) experiments (Kaelbling, 1993; Schaul et al., 2015; Andrychowicz et al., 2017)

Partially Observable Domains: We evaluate whether our algorithm can learn

large skillsets in non-Markov settings using three environments. All environments are

small in terms of their observation dimensionality, but all involve continuous observation

and action spaces and all are non-Markov. Visuals of all three settings are provided in

Figure 4.4.

The �rst environment is a variant of the T-Maze setting (Bakker, 2001; Allen et al.,

2024). In this setting, an agent starts in a thin hallway and at the eastern end of the

hallway, a larger hallway perpendicular to the initial hallway opens either to the north or

south. In this variant, if the agent tries to enter the larger hallway in the wrong direction

(e.g., the agent makes a turn south but the hallway actually opens to the north), the agent

becomes stuck for the remainder of the episode. During each episode in evaluation, the

agent starts at the western end of the thin hallway and for only the �rst timestep the
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Figure 4.4: Visuals of the three non-Markov environments in which we evaluated our
approach.

agent is given a binary signal indicating whether the hallway opens to the north or south.

For the next 15 timesteps, the agent remains frozen in place no matter what (�x; � y)

action the agent executes. Then for the remainder of the episode, the agent is free to

move. The most diverse skillset� z that maximizes the mutual information is one in which

each skill targets a precise region of the (x; y), particularly in the large hallway. To do

this, the agent needs to have an RNN that \remembers" the initial binary signal that

describes the direction the hallway opens. Otherwise, the only observations an agent's

skillset can de�nitively target are limited to the thin hallway.

In the second environment, Agent Observation, there is a randomly sampled (x; y) goal

region that an agent needs to navigate to before time expires, and if the agent fails to do

so then the agent is returned to the center for the remainder of the episode. However,

unlike a traditional goal-conditioned RL domain where agents are given the goal as part

of each observation, in this setting the agent needs to infer the goal from watching two

other agents pursue the goal, while the primary agent remains frozen in place. During the

�rst 5 timesteps of this period, the primary agent observes another agent move toward

and achieve the goal (shown by the orange circles in Figure 4.4). When the other agent

achieves the goal, the primary agent receives a signal that the goal has been achieved.

For the following 5 timesteps, the goal-achieving agent is removed and a di�erent \decoy"
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agent starts to move randomly in a manner that is unlikely to achieve the goal (red circles

in Figure 4.4). After these 10 timesteps, the primary agent then must attempt to move

within a threshold of the goal (dashed orange square in Figure 4.4) in the next eight

actions. The mutual information maximizing skillset executes skills that �rst head to the

goal region, which was shown by the �rst observed agent, and then target distinct (x; y)

positions. In order to build this skillset, the agent needs an RNN representation that

remembers the goal location targeted by the �rst agent.

The third setting is a 4-bit password setting. During evaluation, the agent starts each

episode in the cage and receives a single bit of the password for each of the �rst four

timesteps. During each of the next four timesteps, the agent can output 1 bit of the

password. If there are any mistakes, the agent remains stuck in the cage for the remainder

of the episode. Note that this setting is more challenging than the �rst two as the agent

needs an RNN that remembers a sequence of observations (i.e., the password) as well as a

sequence of actions (i.e., the number of bits of the password the agent has already output).

The mutual information maximizing skillset will be one in which most skills start each

episode by outputting the correct 4-bit password and then target distinct regions outside

the cage.

Note that during the training episodes (i.e., non-evaluation episodes), we also provide

the agent with a type of curriculum to make it easier to jointly learn representations and

skills conditioned on those representations. These curricula are implemented as a wider

distribution of histories that include histories that extend the duration of observations

providing information about the underlying state. For instance, in T-Maze, the number of

timesteps that include the binary 
ag indicating the direction of the hallway is randomly

sampled from the range [1; 16] during training episodes, where 1 is the same as the

evaluation episodes. Similarly, in Agent Observation we randomly sample the duration

of the �rst agent that achieves the goal from the range of [5; 10] timesteps, in which 5

is the same as the evaluation episodes and 10 means no decoy agent is shown. In 4-Bit
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Password, we assist the agent by executing the correct bit (even if the agent outputs

the wrong bit) and provide the next bit as an additional dimension to the observation

for a randomly sampled number of timesteps in the range [0; 3], where 0 means no help

is provided and 3 means the agent does not have to correctly execute the �rst 3 bits of

the password and is also provided with a hint of the �nal bit. The purpose of adding

these curricula is that when mutual information is maximized with respect to both the

RNN and skill-conditioned policy, there is a chicken-and-egg problem that arises. The

RNN may be considering a change that adds information about the underlying state (i.e.,

reduces uncertainty) by assigning di�erent representations to histories with di�erent belief

states. However, if thef � (c) actor, which outputs skill-conditioned policies� z, has not

been trained on these possible new representations, the skill-conditioned policy may be

poor, which may then cause the RNN to disregard this information-preserving change.

By extending the length of the information signal, the agent's RNN will then consider

histories in which the last observation has the signal about the underlying state. If the

RNN happens to preserve information by assigning di�erent representations to these �nal

observations with di�erent signals, the skill-conditioned policies can be trained to be

e�ective in these representations. Then, in settings where there is no extended signal and

the RNN is considering a change from some entangled representation to representations

that preserve information and those representations already have good skill-conditioned

policies, the RNN will be encouraged to make that change.

4.3.2 Baselines

Fully Observable Baselines: In the fully observable experiments, we compare

our full approach that jointly performs representation learning and skill discovery to six

other existing algorithms, including three from prior work and three ablations of our

approach. The three algorithms from prior work we compare to are the explicit version

of Variational Intrinsic Control (VIC) (Gregor et al., 2016), Diversity Is All You Need
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(DIAYN) (Eysenbach et al., 2019), and Contrastive Successor Features (CSF) (Zheng

et al., 2025a). The main di�erences between these approaches and our approach are

the learnable action space and how the posterior is trained. Instead of treating the

skill-conditioned policy as the learnable action space as in our bandit RL approach, these

treat the primitive action space as the trainable action space. In addition, instead of

conditioning the posterior on the proposed skillset to achieve a tighter mutual information

lower bound, these approaches do not condition on the proposed skillset. VIC di�ers

from DIAYN by using the skill-terminating observation in the mutual information term,

while DIAYN samples observations from the entire skill trajectory. CSF di�ers from

VIC and DIAYN by training the posterior using a contrastive lower bound on mutual

information. In addition, CSF trains the skill-conditioned policy using a modi�ed version

of mutual information that subtracts an \anti-exploration" term. Note that CSF is a

recent approach that reports state-of-the-art results and is a mutual information-based

version of METRA (Park et al., 2024b), which is another recent leading approach.

The three ablations of our approach that we compare against include (i) our approach

without representation learning (i.e., the observation encoder is an identity function:

f c(o0) = o0), (ii) our approach but we do not condition the variational posterior on the

skill-conditioned policy as in prior work (i.e., this ablation maximizes a loose lower bound

on mutual information), and (iii) our approach but we �x the observation encoder. (Note

that we only implement (i) for the two low-dimensional observation settings as some

representation learning is needed for the high-dimensional settings.) We compare to (i)

because per Theorem 2, if our approach is working as expected the average empowerment

of a learned representation should be close to the average empowerment of a su�cient

statistic representation and in the low-dimensional settings the observation is a su�cient

statistic. We compare to (ii) in order to evaluate the e�ect of training skill-conditioned

policies using a loose lower bound on mutual information. The comparison to VIC also

achieves this, but VIC does not treat the skill-conditioned policy parameters as the action
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space. We compare to (iii) to show the importance of training the observation encoder

with empowerment rather than simply using a randomly initialized function to encode

observations.

In the downstream GCRL experiments, we implement four algorithms. One algorithm

learns a goal-conditioned policy outputting primitive actions conditioned on a learned

representation from the �rst phase of experiments. The second algorithm learns a goal-

conditioned policy that outputs skills using the learned representation and skillsets learned

during the �rst phase. The third algorithm trains a goal-conditioned policy outputting

primitive actions using the representation from a �xed observation encoder. The fourth

algorithm learns a goal-conditioned policy outputting primitive actions directly from pixels

(i.e., does not use the observation encoder from the �rst phase).

Partially Observable Baselines: We compare to two other algorithms in the

three partially observable settings. First we compare to the fully observable version of

our approach that trains an observation encoder to maximize empowerment rather than

an RNN. This comparison will assess whether the RNN is learning representations that

are closer to su�cient statistics of histories rather than simply encodings of the last

observation. We also compare to our approach but with a �xed RNN. This comparison

will test whether a randomly initialized RNN by default assigns representations that

disentangle histories, which may mean no training of an RNN is necessary.

Except for the downstream task settings, all tasks evaluate agents based on the size of

their skillsets, measured using average variational mutual informationEc0 � p(c0 j � ) [I V (Z ; On jc0; �; � z].

4.3.3 Results

Fully Observable Skill Discovery Results

Table 4.1 shows the fully observable variational mutual information results for all

algorithms in all settings. Note that (i) the mutual information is shown in the logarithmic
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Table 4.1: Average (� std) variational mutual information of learned skillsets (nats)

Algorithm 2D Noisy 2D Gray Noisy Gray Plus Push

Ours 8:0 � 0:0 7:6 � 0:1 5:7 � 0:3 4:7 � 0:3 4:5 � 0:1 6:4 � 0:4
VIC 4:1 � 1:3 4:4 � 1:0 0:3 � 0:6 0:5 � 0:5 0:5 � 0:6 � 0:1 � 0:6
DIAYN � 0:4 � 0:0 � 0:4 � 0:0 � 0:4 � 0:1 � 0:4 � 0:0 � 0:3 � 0:0 � 0:7 � 0:0
CSF � 0:4 � 0:7 � 0:6 � 0:2 0:3 � 0:9 � 0:2 � 0:4 � 0:6 � 0:3 0:1 � 0:2
No Abs 7:7 � 0:3 4:6 � 0:8 N/A N/A N/A N/A
Fixed Abs 7:5 � 0:5 4:4 � 0:7 2:4 � 0:2 1:9 � 0:2 2:4 � 0:1 3:6 � 0:4
Loose Bound 4:1 � 0:8 3:6 � 0:3 2:1 � 0:7 2:1 � 0:3 2:0 � 0:3 2:8 � 0:5

units of nats (e.g., in the Noisy 2D room domain, the agent learns 7.6 nats of skills or

� 2; 000 skills) and (ii) variational mutual information can be negative if it is a loose lower

bound on mutual information. The results show strong across-the-board outperformance

by our approach. Relative to the approaches that used loose lower bounds on mutual

information to evaluate skill-conditioned policies� z (i.e., VIC, DIAYN, CSF, and Loose

Bound, which is the ablation that trains a variational posterior not conditioned on� z), our

approach learns far larger skillsets. For instance, the best performance of these approaches

was by VIC and Loose Bound in the low-dimensional tasks where our approach still

learned 3.9 more nats of skills (i.e., 49x more skills) and 3.2 more nats of skills (25x more

skills) in the 2D and Noisy 2D domains, respectively. Relative to the ablation that uses a

�xed observation encoder (i.e., Fixed Abs), our approach learned far larger skillsets except

for the simplest low-dimensional setting where there was smaller outperformance. This

outperformance shows that training the observation encoder with empowerment performs

better than using a randomly initialized function to encode observations. Interestingly,

our approach also outperformed the ablation in the low-dimensional settings that simply

used the low-dimensional observation as the policy input, which in theory should serve as

an upper bound for our approach. We believe our approach performed better in practice

because in domains such as the Noisy 2D room in which di�erent observations can be

close in the observation space but need to support di�erent skill-conditioned policies, it is

helpful to learn representations that separate these observations in order to output di�erent
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Figure 4.5: Learning curves for the low-dimensional tasks. The x-axis measures the
number of updates to the skill-conditioned policy and observation encoder actors (i.e., the
number of passes through Algorithm 2). The y-axis shows the average variational mutual
information I (Z ; On jC0).

skill-conditioned policies� z. Further, Figures 4.5, 4.6, and 4.7 provide the learning curves

for the �rst set of experiments, showing that our approach learns e�ciently. For instance,

in the low-dimensional tasks our approach can learn thousands of skills in around 1000

gradient steps to the two actors, while the image domains required around 3000 gradient

steps for agents to reach their peak performance.

Qualitatively, the agents learn large distinct skillsets that target large portions of the

reachable observation space as can be seen by visuals of the di�erent entropy terms in

the mutual information objective such asH (On), H (Z ), H (Z jOn). For instance, the

left images in Figures 4.8 and 4.9 show 45 trajectories from randomly sampled skills

from the Noisy 2D, Plus, Noisy Gray, and Push settings. The center images show 1,000

skill-terminating ( x; y) positions for the agent (and object in Push) from randomly sampled

skills. These images show the agent has learned skills that cover most of the observation

space. The right images show sampled skills (colored squares) and for each skill, shows

samples from the variational posterior. The tight variational posterior distributions

con�rm the agent is learning precise and distinct skills.
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Figure 4.6: Learning curves for the regular and noisy grayscale rooms tasks. The x-axis
measures the number of updates to the skill-conditioned policy and observation encoder
actors (i.e., the number of passes through Algorithm 2). The y-axis shows the average
variational mutual information I (Z ; On jC0).

Figure 4.7: Learning curves for the plus intersection and push tasks in the �rst set of
experiments. The x-axis measures the number of updates to the skill-conditioned policy
and observation encoder actors (i.e., the number of passes through Algorithm 2). The
y-axis shows the average variational mutual informationI (Z ; On jC0).
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Figure 4.8: Some qualitative results from the Noisy 2D domain (top row) and Plus
Intersection domain (bottom row). The left column shows the trajectories from a single
starting observation produced by 45 randomly sampled skills. The center column shows
the skill-terminating (x; y) positions from 1000 randomly sampled skills when starting
at the green marker. The right column shows 20 randomly sampled skills (squares), and
for each skill, 5 samples (circles) from the variational posteriorq (zjc0; � z; on ). The large
state space coverage and tight variational posterior around each skill shows the agents is
learning large, diverse skillsets.
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Figure 4.9: Some qualitative results from the Noisy Gray domain (top row) and Push
domain (bottom row). The left column shows the trajectories from a single starting
observation produced by 45 randomly sampled skills. The center column shows the
skill-terminating ( x; y) positions from 1000 randomly sampled skills when starting at the
green marker. The right column shows 20 randomly sampled skills (squares), and for
each skill, 5 samples (circles) from the variational posteriorq (zjc0; � z; on). The large
state space coverage and tight variational posterior around each skill shows the agents is
learning large, diverse skillsets.

Figure 4.10: Learning curves for the phase 2 experiments. The x-axis shows the number of
updates to the goal-conditioned policy and the y-axis shows the cumulative reward. The
hierarchical policy should achieve lower cumulative reward as a result of the particular
shortest path reward used and its temporally extended actions.
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Figure 4.11: Phase 2 goal-conditioned trajectories for the grayscale room (Left) and
Plus Intersection domains (Right) for the algorithm that learns a goal-conditioned policy
outputting primitive actions and is conditioned on the learned representation space.
Shaded regions are the episode goal and the line is the trajectory produced by the goal-
conditioned policy.

Figure 4.12: Phase 2 goal-conditioned trajectories for the grayscale room (Left) and
Plus Intersection domains (Right) for the algorithm that learns a goal-conditioned policy
outputting skills using the learned representation space and skills from pretraining. Shaded
regions are the episode goal and the line is the trajectory produced by the goal-conditioned
policy.
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Figure 4.13: Average skillset size (in nats) vs. number of algorithm iterations. Skillset
size is measured using variational mutual information. Mean and 1 std. of error computed
with 5 random seeds.

Fully Observable Downstream RL Tasks

In addition to learning large skillsets, the second set of experiments in downstream

RL tasks provides evidence that our approach can learn su�cient statistics of observa-

tions as the theory suggests. Figure 4.10 provides the learning curves for the second set

of experiments where agents were required to learn goal-conditioned policies to target

certain regions of the observation space. Figures 4.11 and 4.12 provide visuals of the goal-

conditioned trajectories. Per Figure 4.10, both algorithms that used the representations

learned during the �rst phase of experiments were able to learn e�ective goal-conditioned

policies as would be expected from an approach that learned representations close to

su�cient statistic representations. The hierarchical policy was able to learn with the best

sample e�ciency, consistent with previous hierarchical RL work (Levy et al., 2019; McClin-

ton et al., 2021). In addition, we observed that the algorithm that used representations

from a randomly initialized observation encoder failed at all tasks, providing evidence

that empowerment is more e�ective at learning representations suitable for reinforcement

learning than some randomly initialized function.

Partially Observable Skill Discovery Results

Figure 4.13 plots the results for all algorithms in the three domains. The y-axis

measures skillset size using average variational mutual information. Note that skillset
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