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Abstract

Arti�cial intelligence aspires to build agents that act autonomously, adapt to novel situa-

tions, and discover meaningful strategies without external instruction. A crucial challenge

in this regard is to enable agents with intrinsic drives that promote purposeful behaviour

even in the absence of explicit goals or dense rewards. Within cognitive science and rein-

forcement learning (RL), such intrinsic motivations have been linked to the agent’s ability

to in
uence its environment. Among these, empowerment stands out as a prominent form

of intrinsic motivation. It is de�ned as the maximum mutual information between an

agent’s actions and resulting states. It formalises this notion by quantifying how much

control an agent possesses over its future. It provides a principled, information-theoretic

foundation for autonomous exploration and self-organised behaviour.

Building on this foundation, the present thesis advances empowerment from a general

but unspeci�c model of control to a computational framework speci�cally designed for tool

use. It argues that tool use, which is a hallmark of intelligent behaviour in both biological

and arti�cial systems, can be understood as the process of maximising in
uence over task-

relevant objects through intermediary entities (tools). To capture this formally, the thesis

introduces object empowerment, a novel formulation that conditions the empowerment

channel on manipulable objects, thereby isolating the agent’s causal in
uence on speci�c

environmental entities.

The framework is then extended to learning tool{object interactions by integrating

object empowerment into RL as an intrinsic reward regulariser. This allows agents to au-

tonomously discover functional dependencies between tools and objects, even under sparse-

reward conditions. Subsequent chapters generalise the approach to environments with mul-

tiple tools and objects. This approach de�nes a multi-object empowerment model and a

corresponding tool{object empowerment matrix that supports systematic tool comparison

and selection. Finally, the thesis advances from tool selection to tool characterisation by in-

troducing three empowerment-based measures: persistence, latency, and reliability. These

measures quantify how long a tool remains e�ective, how quickly its e�ects manifest, and

how robustly it performs under uncertainty, respectively.
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Empirical validation across custom grid-world and MiniHack environments demon-

strates that agents trained with object empowerment regularisation converge faster, ex-

plore more e�ciently, and exhibit interpretable tool-use behaviours compared to standard

RL baselines. These experiments reveal that empowerment not only facilitates exploration

but also provides a transparent, quantitative account of causal structure in tool-mediated

interaction.

Collectively, the thesis establishes object empowerment as a unifying principle for mod-

elling and generating tool-use behaviour. By integrating information-theoretic control with

RL, it bridges intrinsic motivation, causal reasoning, and autonomous skill acquisition.

Thus, object empowerment o�ers more than an intrinsic drive: it constitutes a language

for constructing agents that act not merely to explore, but to understand and shape their

own possibilities for in
uence.
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Note on Publications

The research presented in this thesis has been disseminated through peer-reviewed pub-

lications listed in the Author’s Declaration. Table 1 summarises how these publications

relate to speci�c chapters and contributions within the thesis.

While these publications report key components of the research, the thesis integrates

them into a coherent framework and provides expanded experimental analysis and addi-

tional theoretical discussion that are not contained in the individual papers.

Table 1: Mapping between thesis chapters and related publications.

Chapter Publication(s) Contribution(s)

Chapter 4 C1 Introduces the formal de�nition of object empow-

erment to capture the agent’s in
uence over ma-

nipulable objects.

Chapter 5 C1 Develops the tool-learning framework based on

agent{tool{object decomposition and integrates

object empowerment as an intrinsic regulariser to

guide exploration in sparse-reward environments.

Chapter 6 C2, W1{W3 Introduces the multi-object empowerment formu-

lation and a tool-selection mechanism that evalu-

ates tools based on their empowerment over task-

relevant objects.

Chapter 7 C2, W1{W3 Introduces the concept of tool persistence, quan-

tifying how long a tool remains e�ective in in
u-

encing objects.
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7.2 State-averaged latencŷL T j Oi for each tool{object pair in the latency exper-

iment. Lower values indicate faster causal in
uence. . . . . . . . . . . . . . 157

xxvii



LIST OF TABLES xxviii

7.3 State-averaged empowerment̂Eh
T j Oi

(�) (in bits) for each tool{object pair

under di�erent noise levels �. Lower values indicate reduced reliability due

to stochastic tool dynamics. . . . . . . . . . . . . . . . . . . . . . . . . . . . 162



Chapter 1

Introduction

The ability to use tools is often regarded as one of the de�ning hallmarks of intelligence [2].

From crows bending wires into hooks, to chimpanzees fashioning twigs for termite �shing,

to humans constructing complex machines, tool use exempli�es purposeful, goal-directed

interaction with the environment. Across species, it re
ects not merely motor skill but a

deeper capacity to understand causal structure, which recognises that an external object

can extend one's own agency [3]. Such behaviour lies at the intersection of perception,

action, and cognition, and has long inspired research in psychology, neuroscience, and arti-

�cial intelligence. It raises a fundamental question: how do intelligent systems, biological

or arti�cial, come to understand what they can in
uence, and how that in
uence can be

extended through tools?

In biological evolution, tool use did not emerge from external instruction but through

intrinsic exploration. Animals and early humans were not told which objects were useful;

they discovered a�ordances through curiosity, experimentation, and play. This capacity

for open-ended exploration acted not just to gain an immediate reward, but to expand

one's sphere of in
uence, which has been seen as a fundamental part of many kinds of

adaptive behavior. In cognitive science, such self-driven activity is captured by the notion

of intrinsic motivation, which is internal drives that promote learning and exploration even

in the absence of extrinsic goals [4, 5]. Intrinsic motivation enables organisms to develop

competencies, form causal models, and prepare for future challenges. It thus represents a

cornerstone of autonomous intelligence [6].

Within computational modelling, intrinsic motivation has been formalised in various

ways, such as through curiosity [7], novelty [8], or information gain [9]. Among these for-

mulations, empowerment stands out for its direct grounding in information theory, control

and its emphasis on the causal capabilities of the agent [1, 10]. Empowerment quanti�es

the amount of potential in
uence an agent has over future states of its environment; it

1
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measures how much the agent could a�ect the world through its available actions, regard-

less of any speci�c goal. By formalising control as the channel capacity between actions

and future states, empowerment bridges sensorimotor contingencies and decision-making

under uncertainty, providing a mathematically elegant and intuitively meaningful notion

of autonomy.

While alternative intrinsic motivation mechanisms such as curiosity or novelty focus on

epistemic uncertainty or state visitation, they do not directly quantify an agent's causal

capacity to in
uence speci�c entities in its environment. For modelling tool use, where the

central question concerns how actions propagate through intermediate artefacts to a�ect

manipulable objects, a measure grounded explicitly in causal in
uence is particularly ap-

propriate. Empowerment provides such a measure by formalising control as the channel

capacity between actions and future states, and by remaining independent of any exter-

nally speci�ed task objective. This makes empowerment a particularly suitable conceptual

starting point for the speci�c objective of modelling mediated tool{object interactions.

In this view, agents act to maximise their future in
uence; means to keep options open

and maintain the ability to shape their environment. Such behaviour captures the essence

of intrinsic motivation while remaining interpretable in terms of causal structure. However,

while empowerment has been successfully applied to problems of control and exploration, it

has not been studied in contexts that require the use of tools. Tool use involves a distinctive

hierarchy of control: an agent acts upon a tool, which in turn acts upon an object. The

causal pathway from action to outcome is therefore indirect and mediated. This layered

structure poses new challenges for empowerment-based reasoning: how should an agent

quantify its in
uence when it must �rst manipulate one entity to a�ect another?

Addressing this question forms the central motivation of the present thesis. If empower-

ment is to serve as a general principle of autonomous intelligence, it must be able to account

for such mediated interactions, where agency is extended through instruments rather than

exerted directly. Doing so requires new formulations that disentangle the causal contri-

butions of agents, tools, and objects, while preserving the information-theoretic essence of

empowerment. The research presented in this thesis develops precisely such formulations,

providing a principled framework for modelling tool use as an emergent consequence of

intrinsic motivation.

While empowerment provides a principled measure of control, it is often realised within

a learning framework that allows agents to act, observe, and adapt through experience.

Reinforcement Learning (RL) o�ers precisely a framework where agents learn through trial

and error by interacting with an environment, receiving feedback in the form of rewards

[11]. Formally, RL models the agent{environment interaction as a Markov Decision Pro-

cess (MDP), where the objective is to learn a policy that maximises expected cumulative
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reward. Through repeated experience, agents infer which actions yield bene�cial outcomes,

progressively shaping behaviour from feedback.

Within this thesis, RL is adopted as the learning framework within which empow-

erment is implemented and evaluated, serving as a 
exible substrate for analysing how

empowerment-based intrinsic regularisation shapes learning dynamics and tool-use be-

haviour. The choice of RL is further motivated by the sequential and interactive nature

of tool use. Tool{object interactions require agents to make a sequence of decisions in

which actions have delayed and mediated e�ects, often involving multiple stages such as

locating, acquiring, and applying a tool. This naturally places the problem within the

domain of sequential decision making under uncertainty [11]. Alternative frameworks o�er

only partial solutions in this context. Control-theoretic approaches [12] are well suited

to continuous control in robotics but are less appropriate for the discrete environments

considered in this thesis. Symbolic planning methods [13] can represent structured ac-

tion sequences but typically assume known dynamics and do not address learning from

interaction. Bayesian approaches provide principled models of uncertainty, but in practice

overlap with RL formulations when applied to sequential decision problems [14]. In con-

trast, RL provides a uni�ed framework that supports both learning and decision making

under uncertainty, enabling agents to acquire behaviour through interaction while adapting

to stochastic dynamics. Its recent success across a wide range of domains [15, 16] further

supports its suitability as the computational framework within which empowerment-based

intrinsic motivation can be studied. However, despite its success, conventional RL remains

fundamentally limited by its reliance on extrinsic rewards. In many real-world and ex-

ploratory settings, rewards are sparse, delayed, or even absent, making learning unstable

and ine�cient. Biological organisms, in contrast, display remarkable learning even with-

out explicit reinforcement, guided instead by internal drives such as curiosity and mastery.

To enable arti�cial agents with similar autonomy, researchers have proposed intrinsically

motivated RL, where internal signals supplement or replace external rewards [17, 18].

Empowerment naturally integrates within this paradigm. Rather than rewarding spe-

ci�c outcomes, empowerment rewards the potential to in
uence, acting as an intrinsic utility

that favours states o�ering greater causal control over the future. When combined with

RL, it provides a mathematically grounded intrinsic reward that aligns exploration with

the discovery of controllable, meaningful interactions. In this thesis, empowerment serves

not as an alternative to RL, but as its complement: an information-theoretic regulariser

that guides policy learning toward states and behaviours rich in causal potential.

This synthesis of empowerment and RL provides a computational lens on tool use.

By embedding empowerment within policy optimisation, agents can learn not merely to

achieve given goals, but to understand how their actions propagate through tools to a�ect
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the world. In this sense, empowerment bridges the gap between low-level control and

high-level reasoning, o�ering a route toward intrinsically motivated, goal-independent skill

acquisition.

1.1 Research Hypothesis and Questions

Before addressing speci�c empirical questions, this thesis begins with a more fundamen-

tal conceptual inquiry: what constitutes a tool within the RL framework? In natural and

biological settings, a tool is an intermediary that extends an agent's capacity to act upon

the world [19]. Translating this notion into computational terms requires a formalism that

can express such mediated in
uence. While classical empowerment quanti�es an agent's

potential in
uence over future global states, it does not explicitly distinguish between inci-

dental state changes and purposeful manipulation of speci�c objects. This thesis therefore

extends empowerment to explicitly model agent{object interactions, enabling tools to be

formalised as entities that transmit and amplify the causal link between an agent's actions

and their e�ects on manipulable objects. This extension is re
ected not only conceptually

but also in the structure of the action space: classical empowerment considers all possible

action sequences, whereas the proposed object-centred formulations restrict attention to

action sequences that are relevant to object manipulation, such as agent-only actions for

direct interaction and combined agent{tool actions for mediated e�ects. This interpreta-

tion forms the conceptual foundation upon which all subsequent questions and experiments

are built.

The central hypothesis of this research is:

\Empowerment, when extended to explicitly model agent{object in-

teractions, provides a su�cient and interpretable foundation for mod-

elling tool use in arti�cial agents. This extension enables agents to

discover, select, and characterise tools through their causal in
uence

on manipulable objects, without relying on external supervision or

task-speci�c rewards."

To evaluate the central hypothesis, empowerment must be progressively extended, im-

plemented within learning contexts, and examined for generality and interpretability. The

following research questions structure this progression explicitly.

1. Since the central hypothesis requires empowerment to account for mediated object-

level in
uence, it is �rst necessary to determine whether empowerment can be refor-

mulated to explicitly capture object-level causal in
uence.
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RQ1: How can empowerment be extended to explicitly capture the agent's

in
uence over manipulable objects?

Classical empowerment quanti�es control over global future states of the environ-

ment [1, 10]. However, this formulation does not distinguish between changes to

task-relevant objects and incidental changes to the background state. In tool-use

contexts, this distinction is critical, as meaningful control involves speci�c causal

e�ects on manipulable entities. This question therefore seeks to formulate an object-

conditioned empowerment measure that isolates the agent's in
uence on particular

objects, establishing the foundation for studying empowerment as a model of pur-

poseful interaction.

2. Having established a formal object-conditioned formulation, it is then necessary to ex-

amine whether this extension can function as an intrinsic mechanism for autonomous

discovery of tool{object interactions.

RQ2: Can object-conditioned empowerment serve as an intrinsic signal

for discovering functional tool{object interactions?

While intrinsic motivation has been used to guide exploration [20], its application

to discovering functional dependencies between tools and objects remains underex-

plored. This question investigates whether object empowerment can act as an internal

reward that encourages agents to interact with tools and objects in ways that increase

their potential in
uence. By embedding object empowerment as a regulariser within

RL, the goal is to determine whether agents can autonomously discover tool-use skills

without explicit task rewards.

3. To understand the behavioural consequences of integrating object-conditioned em-

powerment within RL, its e�ects on learning dynamics must be empirically evaluated.

RQ3: How do object-conditioned empowerment regularisers in
uence RL

dynamics in sparse-reward environments?

Empowerment has been successfully integrated into RL as an intrinsic drive for explo-

ration and control [21{23]. However, its object-conditioned formulation (i.e., intro-

duced in this thesis) extends this idea to capture causal in
uence over speci�c entities

rather than global states. Sparse-reward domains such as MiniHack present ideal

testbeds for examining how object empowerment regularisation a�ects convergence

speed, policy stability, and behavioural interpretability when agents must discover

and exploit tool{object relationships. This question therefore investigates whether

object-empowerment-guided agents exhibit more e�cient exploration and structured

tool-use behaviours compared to baseline RL models.

4. If the proposed empowerment extension is to constitute a general foundation for mod-

elling tool use, it must scale beyond single tool{object interactions to more complex
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environments containing multiple tools and objects.

RQ4: How can empowerment be generalised to settings with multiple

tools and objects to enable systematic selection?

Real-world environments rarely contain a single tool or object. Selecting the most

e�ective tool for a given task requires comparing the agent's potential in
uence across

multiple tool{object pairs. This question examines how to extend object empower-

ment into a multi-object formulation, yielding a structured tool{object empowerment

matrix from which optimal tool choices can be derived. Such a matrix formalises tool

selection as an empowerment maximisation problem, providing a principled alterna-

tive to heuristic or task-speci�c approaches.

5. Finally, if the proposed empowerment extension is to serve as an interpretable foun-

dation, it should provide meaningful dimensions for characterising tools beyond mere

selection.

RQ5: Beyond selection, can empowerment also provide interpretable di-

mensions for characterising tools?

Beyond knowing which tool to use, intelligent agents should also understand why

certain tools are more e�ective, persistent, or reliable than others. This question

explores whether empowerment can be decomposed into distinct dimensions, such as

persistence, latency, and reliability, that collectively describe temporal and stochas-

tic aspects of tool behaviour. By framing these as measurable empowerment-based

quantities, this research aims to develop a principled language for comparing and

characterising tools in terms of their causal and temporal properties.

Collectively, these research questions operationalise the central hypothesis by progressing

from formal extension to learning integration, generalisation, and interpretability. To-

gether, they articulate the overarching aim of this thesis: to develop a uni�ed information-

theoretic framework for modelling tool use grounded in empowerment. This framework

spans progressively richer levels of abstraction, from object-speci�c in
uence to tool selec-

tion and characterisation.

1.2 Contributions of the Thesis

The thesis advances its central aim through a coherent set of contributions that extend

empowerment from a general measure of controllability to a systematic framework for tool-

mediated interaction and learning within RL. In what follows, the term object empowerment

is used to refer to the object-conditioned extension of empowerment introduced in response
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to Research Question RQ1. Each contribution directly addresses one or more of the research

questions introduced in Section 1.1 and is developed in the corresponding chapters.

ˆ Object Empowerment (RQ1; Chapter 4): Formulates empowerment condi-

tioned on the state of manipulable objects, establishing a direct and interpretable

link between intrinsic motivation and object-centred causal in
uence.

ˆ Multi-Object Empowerment (RQ4; Chapter 6): Extends this formulation to

environments with multiple tools and objects, yielding the tool{object empowerment

matrix, from which a principled, intrinsic mechanism for tool selection is derived.

ˆ Tool Characterisation (RQ5; Chapter 7): Introduces three empowerment-based

dimensions, persistence, latency, and reliability, that formalise how long a tool remains

e�ective, how quickly its in
uence propagates, and how robustly it performs under

noise and uncertainty.

ˆ Tool-Learning Framework (RQ2{RQ3; Chapter 5): Develops a uni�ed com-

putational framework that integrates empowerment with RL by decomposing the

environment into agent, tool, and object subspaces.

ˆ Object Empowerment-Regularised Optimisation (RQ2{RQ3; Chapter 5):

Embeds object empowerment as an intrinsic regulariser in policy optimisation, in-

tegrating information-theoretic and reward-driven objectives to guide exploration

toward causally informative states.

Together, these contributions establish a principled and extensible foundation for mod-

elling tool use through empowerment. They provide both the conceptual formalism for

understanding causal in
uence in structured environments and the methodological appa-

ratus for implementing empowerment-driven behaviour in learning agents.

1.3 Structure of the Thesis

The remainder of this thesis is organised into seven chapters, each developing a successive

layer of the empowerment-based framework for modelling tool use. In particular, Chap-

ters 4{7 systematically address research questions RQ1{RQ5, progressively operationalising

the central hypothesis.

Chapter 2 surveys the background and related work underpinning this research. It

begins with the study of tool use in biological and arti�cial systems, drawing connections

between ethological, psychological, and computational perspectives. It then reviews the

literature on intrinsic motivation and information-theoretic approaches in RL, situating
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empowerment within this broader context. The chapter concludes by identifying the con-

ceptual and methodological gaps that motivate the development of empowerment-based

formulations for tool-use modelling.

Chapter 3 provides the theoretical foundations necessary for the rest of the thesis. It

introduces key concepts from RL, regularisation, and information theory, explaining how

the notion of a communication channel can be repurposed to describe agent{environment

interactions. This chapter establishes the formal background for empowerment as a mea-

sure of potential control and presents the mathematical tools required for its subsequent

extensions.

Chapter 4 addresses RQ1 by introducing object empowerment, the �rst major contri-

bution of the thesis. It extends classical empowerment to quantify the agent's in
uence

over speci�c manipulable entities, thereby grounding the concept of causal control in object-

directed interaction. The chapter also presents the �rst experimental results, visualising

empowerment landscapes and demonstrating how they encode a�ordance structures in both

simple grid worlds and MiniHack environments.

Chapter 5 addresses RQ2 and RQ3. It builds upon this foundation by introducing a

framework for learning tool{object interactions. Here, object empowerment is integrated

into RL as an intrinsic regulariser, allowing agents to autonomously discover meaning-

ful dependencies between tools and objects without external supervision. The experi-

ments highlight how empowerment-guided exploration facilitates tool acquisition and use

in sparse-reward settings.

Chapter 6 addresses RQ4. It generalises the framework to environments containing

multiple tools and objects. It formalises the tool{object empowerment matrix, a compact

representation that quanti�es each tool's potential causal in
uence over each object. From

this matrix, a principled tool selection mechanism is derived, enabling agents to identify

and prioritise the most e�ective tools intrinsically, based solely on empowerment structure.

Empirical studies demonstrate how this mechanism leads to faster convergence and more

interpretable behaviour in MiniHack-based tool-use tasks.

Chapter 7 addresses RQ5. It advances the framework from selection to characteri-

sation. It introduces three empowerment-based dimensions, persistence, latency, and re-

liability, that capture complementary aspects of tool functionality: temporal continuity,

temporal e�ciency, and robustness under uncertainty. Through experiments in both Mini-

Hack and custom grid worlds, the chapter shows how these measures jointly explain ob-

served di�erences in tool utility and learning dynamics, thereby providing a more complete

descriptive account of empowerment-driven tool use.

Chapter 8 concludes the thesis by integrating the theoretical, methodological, and
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empirical �ndings. It discusses the broader implications of empowerment as a unifying

principle for intrinsic motivation, causal reasoning, and autonomous behaviour. The chap-

ter also outlines limitations of the current framework, such as computational cost, model

assumptions, and challenges of generalisation, and highlights future directions for scaling

empowerment-based models to more complex, continuous, and embodied domains.

In summary, the thesis proceeds from foundational theory to hierarchical application, grad-

ually transforming empowerment from an abstract concept into a practical mechanism for

discovery, selection, and characterisation of tools. Each chapter deepens the integration of

empowerment with RL, culminating in a coherent and interpretable framework for intrin-

sically motivated, tool-using agents.



Chapter 2

Literature Review

This chapter reviews the multidisciplinary literature that provides the conceptual and

empirical foundations for modelling tool use computationally. The discussion begins with

reviewing biological and ethological studies, documenting tool-use behaviours across non-

human species and tracing their cognitive and ecological underpinnings to establish the

evolutionary and behavioural context within which computational models of tool use can

be framed. Archaeological and anthropological perspectives on tool use in human evolution

are then examined, highlighting how increasing technological and behavioural complexity

in tool manufacture and use contributed to human cognitive and cultural development.

The chapter proceeds with reviewing a�ordance theory, which is a framework for mod-

elling agent-object interactions. In general, a�ordance-based models enable agents to ac-

quire functional representations of tools through interaction, learning how external objects

extend their control over the environment.

While a�ordance theory o�ers a conceptual account of how agents perceive and act upon

possibilities for interaction, computational frameworks such as reinforcement learning (RL)

provide a formal means of realising these behaviours in arti�cial agents. In particular, in-

trinsic motivation theories translate the drive to explore and manipulate a�ordances into

measurable learning signals. Thus, RL and intrinsic motivation can be viewed as algorith-

mic instantiations of the same exploratory and goal-directed processes that underpin tool

use in natural systems.

Intrinsic motivation is introduced as a central mechanism for autonomous exploration

and skill acquisition in RL. Multiple approaches are reviewed, including curiosity-driven

exploration [7], novelty seeking [8], competence progress [24], and mutual information-based

frameworks [25] that unify exploration, skill discovery, and information gain.

Special attention is given to empowerment, an information-theoretic intrinsic motiva-

tion that quanti�es an agent's control over its environment and serves as a foundation for

10
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tool-use modeling. The chapter also reviews studies relating intrinsic motivation directly

to tool-use learning, showing that internal drives such as curiosity or empowerment can

generate exploratory behaviour even in the absence of external rewards. Through this

self-motivated interaction, agents gradually acquire competence in manipulating tools and

develop simple forms of planning to achieve desired environmental outcomes.

The literature reviewed here provides context and motivation for the development of ob-

ject empowerment, a novel intrinsic motivation framework that contributes to the modelling

of tool use by quantifying an agent's capacity to in
uence task-relevant objects through

their interactions with tools.

2.1 De�ning Tools and Tool Use

Understanding what constitutes a tool is a fundamental step toward studying how agents,

biological or arti�cial, can learn to use them. Tool use is commonly de�ned as \The external

employment of an unattached or manipulable attached environmental object to alter more

e�ciently the form, position, or condition of another object" [26]. This de�nition highlights

the causal chain between an agent, a tool, and a target object, establishing that tools

function as intermediaries through which the agent exerts in
uence on its surroundings.

Re�nements to this de�nition emphasize two additional aspects: intentionality and em-

bodiment [27]. Intentionality distinguishes tool use from accidental interactions, implying

that the agent purposefully manipulates the tool to achieve a desired outcome. Embodi-

ment, on the other hand, refers to the functional role of tools as extensions of the organism

or agent, temporarily incorporated into its action capabilities [27]. These re�nements high-

light that tool use is not merely mechanical manipulation but involves adaptive reasoning

about cause, e�ect, and utility.

This conceptual framing directly motivated the development of the object empowerment

framework, introduced in later chapters. In this formulation, the tool is explicitly modeled

as a mediator of causal in
uence between the agent and a target object, capturing how the

agent's control propagates through the environment via tool{object interactions. In this

sense, object empowerment provides a computational instantiation of the very principle

embedded in the classical ethological de�nition of tool use: an agent's capacity to act upon

one object through another.

The notion of tool use has been studied across di�erent disciplinary perspectives. In

ethology, it is investigated as an evolved behavioural strategy that enhances adaptability

and resource acquisition among non-human animal species. In anthropology, it represents

a central feature of human technological and cultural development, re
ecting cumulative

transmission of knowledge and skill. Together, these perspectives reveal that tool use is
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both a biological and cognitive phenomenon, one that bridges perception, motor control,

and learning across species. The conceptual foundation outlined above provides the theo-

retical grounding for analysing tool use across biological and arti�cial systems. The next

sections review its manifestations in nature, from non-human animals to human evolution.

2.2 Tool Use in Nature: Ethology and Anthropology

Tool use is a foundational aspect of intelligent behaviour observed across both human

and non-human animal species. It reveals complex interactions between cognition, envi-

ronment, and social{cultural transmission, whereby knowledge and skills related to tool

use are passed across individuals and generations. This section introduces key biological

foundations and evolutionary aspects of tool use, focusing on examples from non-human

and human species that illustrate di�erences in complexity, intentionality, and the gradual

emergence of cultural accumulation. Understanding these natural manifestations of tool

use not only informs anthropology and ethology but also provides valuable inspiration for

computational models of tool use in embodied cognition and intelligent behaviour.

2.2.1 Tool Use in Non-Human Animals

Although once considered a hallmark of uniquely human intelligence, tool use has been

observed across a diverse range of animal taxa, including primates, birds, marine mammals,

and even insects. This section surveys the breadth of non-human animal tool use, organised

by major taxonomic groups. Each group reveals how ecological context, cognition, and

evolution interact to shape tool-oriented behaviour.

Among primates, chimpanzees (Pan troglodytes) demonstrate the most diverse and so-

phisticated tool repertoire [28{30]. In the Tai Forest, Ivory Coast, West Africa, they use a

combination of stones as hammer and anvil to crack nuts [28], and at Gombe, Tanzania,

they use twigs for termite �shing [29]. In Bossou, Guinea, West Africa, they manufac-

ture and reuse leaf sponges to drink water [30]. Capuchin monkeys (Cebus apella) use

stones to break open palm nuts [31], and long-tailed macaques (Macaca fascicularis) have

been observed using tools to access shell�sh and 
oss their teeth [32], indicating a broad

phylogenetic distribution of tool competence among primates. These behaviours show ev-

idence of planning, tool transport (i.e., carrying tools in anticipation of future use), and

manufacturing.

Tool use among birds is most famously represented by New Caledonian crows (Corvus

moneduloides), which manufacture and use hook-shaped tools from twigs and pandan leaves

to extract insects from crevices [33]. These crows not only shape tools with skill and
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foresight, but have also demonstrated remarkable planning abilities, including sequential

tool use, whereby one tool is used to obtain another [34]. They have also been shown

to select tools of appropriate length and shape depending on the demands of the task,

demonstrating a 
exible understanding of tool properties [35]. Such behaviour re
ects an

ability to evaluate the a�ordances of available tools and to select the most e�ective one

for achieving a speci�c goal (i.e., an ability that conceptually parallels the mechanism of

tool selection modelled through object empowerment in this thesis). In addition to crows,

captive Go�n's cockatoos (Cacatua go�niana) have also been observed spontaneously

manufacturing tools from sticks to retrieve rewards, demonstrating impressive 
exibility

and innovation in problem-solving [36]. These parrots, which do not use tools in the wild,

still manage to display novel tool construction in captivity, indicating latent cognitive

capacities. Green-backed herons (Butorides striata) are known to use bait, such as insects,

bread, or feathers, to lure �sh, a sophisticated form of tool-assisted hunting [37]. These

examples illustrate that avian tool use is not only widespread but also marked by 
exible

strategies and ecological adaptation, consistent with the broader evolutionary functions of

tool use discussed above.

Marine species have also evolved independent instances of tool use. Sea otters (Enhydra

lutris) use rocks as anvils to break open shell�sh on their chests [38]. Among bottlenose

dolphins (Tursiops Truncatus), individuals in Shark Bay carry marine sponges to protect

their snouts while foraging, a behaviour shown to be culturally transmitted, particularly

through maternal lines [39, 40]. This culturally transmitted behaviour is one of the rare

examples in non-human animals of social learning associated with tool use.

While tool use is often associated with vertebrates, a growing body of research highlights

that various insect species also exhibit behaviours that meet established de�nition of tool

use. These behaviours demonstrate that complex interactions with environmental objects

are not exclusive to animals with large brains or advanced nervous systems [41]. Certain

ant species, such as those in the genus Aphaenogaster, have been observed using debris like

soil particles, leaves, or pine needles to absorb liquid food sources. The ants then transport

these soaked materials back to their nests, e�ectively using the debris as tools to carry

food they cannot transport internally due to anatomical constraints [42, 43]. Additionally,

Conomyrma bicolor ants engage in a form of tool use for competitive interference. They

collect small stones and drop them into the entrances of rival colonies, obstructing access

and reducing competition for resources [44].

A comparative summary of documented tool-use behaviours across a range of non-

human species, including primates, birds, marine mammals, and insects, is presented in

Table 2.1.

Taken together, these �ndings demonstrate that tool use in non-human animals spans
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a remarkable range of taxa and ecological contexts. From primates and birds to marine

mammals and insects, animals have evolved creative strategies to exploit environmental

resources through object manipulation. This variation in cognitive strategies and problem-

solving mechanisms across species suggests that tool use has emerged convergently under

distinct evolutionary pressures. Although such behaviours vary in complexity, many satisfy

the established criteria for tool use (i.e., the deliberate manipulation of an external object to

achieve a speci�c goal or alter another object's state [26, 27]). They also reveal important

cognitive, ecological, and social underpinnings: for example, the cultural transmission

of nut-cracking techniques among chimpanzees and sponge-carrying behaviour in dolphins

illustrate how some tool-use traditions are maintained and passed across generations. These

insights provide an essential comparative baseline for understanding how tool use evolved

in humans, to which the discussion now turns.

2.2.2 Tool Use in Human Evolution

While many non-human animals exhibit tool-oriented behaviours, tool use in humans is

distinguished by its complexity, intentional design, and cumulative cultural evolution. Ar-

chaeological and paleoanthropological evidence suggests that tool use was not merely an

adaptation, but a driving force in the co-evolution of human cognition, social organization,

and technological advancement [45].

Early Stone Tool Industries and Cognitive Implications

The earliest known stone tools belong to the Oldowan industry, dated to approximately

2.6 million years ago and associated with species such as Homo habilis and late Australo-

pithecus [46]. These tools, simple 
akes and cores, were used for cutting, scraping, and

pounding, representing a major leap in ecological 
exibility. Around 1.7 million years ago,

the Acheulean industry emerged, characterized by the appearance of bifacial handaxes.

These tools exhibit symmetry, standardization, and multi-stage production processes that

suggest cognitive advancements in planning [47, 48]. Neuroarchaeological studies indicate

that engaging in Acheulean tool manufacture activates regions of the brain associated with

motor planning, spatial reasoning, and even language processing [49]. This supports the

hypothesis that tool-making and language may have co-evolved, reinforcing one another

through shared demands on sequencing, hierarchical processing, and social learning.

Cumulative Culture and Meta-Tool Use in Human Evolution

Human tool use is also distinguished by its transmission across generations, leading to

cumulative improvements; a phenomenon often referred to as the \ratchet e�ect" [50].
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In contrast to non-human primates, whose tool-use behaviours tend to remain relatively

�xed over time, human societies build upon prior innovations. This accumulation is facili-

tated by teaching, imitation, and language, forming the foundation of human technological

evolution.

An especially striking feature of human tool use is the ability to use tools to create other

tools, so-called meta-tool use. For example, early humans developed bone or stone tools

to shape wooden handles, leading to the emergence of composite tools such as spears and

axes. This recursive use of tools indicates a signi�cant cognitive shift, enabling abstraction,

analogical reasoning, and goal-subgoal decomposition [51].

Tool use during human evolution o�ers a compelling model for the co-development

of intelligence, culture, and embodiment. The emergence of recursive, planned tool con-

struction, from shaping wooden handles to assembling composite tools, re
ects a cognitive

progression from reactive behaviour to deliberative reasoning. This trajectory highlights

advanced capabilities such as abstraction, analogical reasoning, and hierarchical planning.

These same principles provide critical inspiration for the development of arti�cial agents

capable of 
exible, open-ended tool use. As the discussion moves from naturalistic studies

to computational models, the challenge becomes how to formalise a�ordances and tool

representations in embodied systems; this is explored in the next section.

2.3 A�ordance Theory, Tool Use, and Learning

A�ordance theory, �rst introduced by J.J. Gibson, provides a foundational account of

how agents perceive and interact with their environment [52]. Gibson coined the term

a�ordances to describe the action possibilities that the environment o�ers to an agent,

relative to the agent's capabilities. In the context of tool use, a�ordances refer to the

potential actions that an agent can perform with a given object; e�ectively, what the tool

a�ords the agent. In this view, tool a�ordances form a subset of general environmental

a�ordances, distinguished by their potential to expand the agent's reach or e�ect space.

While environmental a�ordances describe what is possible in the agent's current state, tool

a�ordances describe what becomes possible when an external object is leveraged as an

extension of the agent's body or intent. This distinction is crucial for arti�cial agents, as

it allows the formalization and discovery of \tools" not just as manipulable objects, but as

means to transform the agent's control over the environment.

These ideas have profoundly in
uenced robotics and AI, where a�ordances are increas-

ingly used to enable agents to interpret and act on their environments. Building on these

theoretical foundations, a number of studies in robotics and AI have operationalized af-

fordances to enable intelligent tool-use behaviour. Stoytchev [53] applied the concept to
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robotics, showing that tool a�ordances are not intrinsic properties but are learned through

interaction. In his experiments, robots discovered tool a�ordances by engaging in ex-

ploratory behaviour, thereby learning that certain objects could extend their action pos-

sibilities. This aligns with the key idea of this thesis: an agent can discover the utility of

objects as tools by interacting with its environment.

Sinapov et al. [54] introduced a behaviour-grounded approach in which a robot learns

the consequences of tool-mediated actions, e�ectively acquiring a model of tool a�ordances.

Their system allowed generalization to novel tools after a behavioural babbling phase,

highlighting the importance of learning dynamics through experience. Similarly, Jain et

al. [55] proposed a framework in which a robot learns to manipulate target objects using

tools through autonomous exploration, collecting relational data between tools, actions,

and their e�ects. This data was then modeled using a Bayesian Network to infer tool

a�ordances.

Gon�calves et al. [56] developed a computational model of multi-object a�ordances, also

based on Bayesian Networks, which captures interactions involving intermediate tools used

on primary objects, closely re
ecting the structure of tool-object relationships in the RL

framework proposed in this thesis. Later, the same authors extended this work to model

mutual a�ordances between objects, where one object plays the role of a tool and the other

as a manipulable entity [57]. Saito et al. [58] proposed a deep learning-based approach to

select appropriate tools for given tasks, o�ering another parallel to the setting considered in

this thesis, where agents must compare tool utility under empowerment-driven exploration.

Recent advancements have explored integrating language into a�ordance learning. Ren

et al. [59] introduced ATLA (Accelerated Learning of Tool Manipulation with Language),

a meta-learning framework leveraging large language models to accelerate tool learning.

By conditioning policies on language descriptions of tools, ATLA enables agents to adapt

quickly to new tools across tasks like pushing, lifting, sweeping, and hammering. Fur-

thermore, causal approaches have been applied to tool a�ordance learning. Brawer et al.

[60] introduced a method where robots construct structural causal models through obser-

vation and self-supervised experimentation, enabling reasoning from causes to e�ects and

vice versa. This approach allows robots to learn and utilize tool a�ordances e�ectively,

even with novel tools. These newer directions, leveraging language and causal reasoning,

highlight the growing interest in enabling agents to generalize a�ordance knowledge across

modalities and contexts, a necessary step toward robust, open-ended tool use.

While these studies emphasize learning tool a�ordances through interaction and prob-

abilistic reasoning, most focus on predicting object functionality or task success without

quantifying the degree of control a tool enables. This thesis addresses this gap by proposing

a novel information-theoretic framework grounded in empowerment. This formulation not
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only facilitates the discovery of tools via interaction but also enables agents to compare

them based on how much they expand the agent's potential to in
uence future states,

o�ering a principled and scalable metric for tool a�ordance evaluation.

Beyond robotics, the concept of a�ordances has gained increasing relevance in RL. Since

a�ordances characterize what actions are possible in a given state, they provide a natural

framework for identifying and formalizing tools. In RL, a tool can be viewed as a \special"

object that expands the agent's action repertoire, enabling outcomes that would otherwise

be inaccessible. For example, if an agent must move a distant object and �nds a stick

nearby, using the stick to push the object reduces the number of steps needed; an instance

of a�ordance enhancement.

Several RL studies have sought to formalize a�ordances to improve learning e�ciency

and generalization. Khetarpal et al. [61] proposed modeling a�ordances as mappings

between environmental features and feasible actions. This enables agents to focus on task-

relevant actions, thereby improving sample e�ciency and transition model learning. Liao

et al. [62] o�ered an integrative theory of a�ordance-formation based on RL principles,

showing how agents can learn to associate perceptual cues with promising motor actions

through interaction.

The BabyAI platform by Chevalier-Boisvert et al. [63], built on the MiniGrid envi-

ronments [64], provides another compelling illustration of a�ordance learning. Agents are

guided via natural language instructions to perform tasks such as retrieving a `key' to open

a `door'. While the framework does not explicitly frame the key as a tool, the functional

role it plays mirrors tool-like behaviour, where objects must be understood and used in

sequence to accomplish a goal. The paper highlights how a�ordance learning supports

structured, compositional behaviours in RL settings.

More recently, Liu et al. [65] introduced a RL framework that enables agents not only to

learn how to use tools, but also to autonomously design them for task-speci�c manipulation.

Their dual-policy architecture comprises a designer policy that generates tool shapes based

on task context and a controller policy that learns to manipulate the designed tools. While

this work represents a signi�cant step toward general tool-use capabilities in RL, it does not

explicitly address the problem of discovering tool a�ordances through intrinsic interaction;

an area this thesis aims to investigate.

Formally de�ning a�ordances allows us to precisely characterize what constitutes a tool

in RL environments. In the proposed framework, tools are not merely objects that can

be picked up, they are entities that expand the agent's action possibilities, allowing it to

bring about state transitions that were otherwise inaccessible. This expansion of control

space directly relates to empowerment. By quantifying empowerment-based a�ordances,

this thesis o�ers a principled mechanism for identifying and comparing tools based on how
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signi�cantly they enhance the agent's ability to in
uence its environment.

2.4 Tool Characterisation and Classi�cation

While much of the literature on tool use focusses on behavioural observations and a�or-

dance learning, an important parallel thread concerns the systematic characterization and

classi�cation of tools. These frameworks, often developed in anthropology and archaeology,

aim to capture the diversity, complexity, and cognitive demands of tool use across cultures

and time periods. Understanding how tools have been categorized historically provides a

valuable foundation for constructing formal models of tool use in arti�cial agents.

2.4.1 Anthropological and Historical Perspectives on Tool Classi�cation

Tool classi�cation has long been an essential concern in both anthropology and ethnogra-

phy, serving as a basis for understanding technological evolution, cultural transmission, and

environmental adaptation. These classi�cations not only document the structural diversity

of tools but also encode information about the social and ecological contexts in which they

are embedded.

Johnston's comprehensive survey [66] outlines a broad typology of tool forms, tracing

their development from primitive implements to more elaborate constructions. He empha-

sizes functional adaptation as a primary force in tool evolution, with changes in shape and

composition often corresponding to shifts in economic or subsistence patterns. The paper

organizes tools by broad operational categories, such as pounding, cutting, grinding, or

perforating, while also noting their increasing structural complexity (e.g., from hand-held

to hafted tools). In contrast, Healey [67] provides an in-depth ethnographic case study of

the Maring people of Papua New Guinea. Healey shows how indigenous tool taxonomies

are shaped not only by function and form but also by cultural meanings and usage contexts.

The Maring distinguish cutting tools based on factors such as material (stone vs. metal),

usage domain (gardening, hunting, ritual), and degree of modi�cation.

A seminal contribution to the structural analysis of tools comes from Oswalt [68], who

introduced the concept of technounits to describe the internal structure of artifacts. A

technounit is de�ned as a \structurally distinct and functionally integrated component"

of a tool that contributes to its overall function or form. Oswalt proposed a compara-

tive methodology for analyzing food-getting technologies in hunter-gatherer societies by

quantifying the number and arrangement of these technounits.

Building on Oswalt's foundational framework, later researchers formalized two key met-

rics to compare toolkits across cultural and environmental contexts [69]:
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ˆ Tool richness: The total number of distinct tool types present within a given toolkit

or cultural context.

ˆ Tool complexity: The average number of technounits per tool, re
ecting internal

structural elaboration.

These measures have been applied in several archaeological and ethnographic studies

to investigate how ecological risk, mobility, or population size in
uence technological orga-

nization. For example, Collard et al. [69] analyzed North American Paleoindian projectile

points and found that higher tool complexity correlated with more challenging environmen-

tal conditions, suggesting a relationship between tool design and adaptive problem-solving.

This quantitative framework o�ers a principled way to assess the cognitive demands

of tool manufacture and use, as well as the diversity and sophistication of tool systems.

It also serves as a useful precursor to computational formalizations of tools in arti�cial

agents, where internal structure and function can be analogized to the agent's capacity for

representing and sequencing sub-actions.

2.4.2 Toward Computational Models of Tool Classi�cation

While anthropological and ethnographic classi�cations o�er rich descriptive accounts of tool

diversity, their frameworks are often grounded in culturally speci�c categories or structural

typologies that may not directly translate into computational models suitable for arti�cial

agents. In robotics and RL, agents interact with tools not through cultural knowledge but

through physical interaction, learning, and environment-driven feedback. This requires a

shift toward formal, behaviour-grounded models of tool classi�cation that can capture the

functional utility of tools in dynamic and task-general contexts.

One key distinction between natural and arti�cial agents lies in how tool properties

are discovered and represented. Rather than classifying tools based on morphology or

human-de�ned typologies, arti�cial agents typically acquire knowledge through interaction,

exploration, and task-based learning. This echoes the behaviour-grounded approaches

proposed in robotics research, where a�ordances are learned through the observation of

action-outcome relationships [53, 54]. In this view, a tool can be classi�ed not solely by its

form but by the range of state transitions it enables when manipulated by the agent.

Building on these ideas, Sinapov et al. [70] proposed a computational model in which a

robot incrementally learns a hierarchical taxonomy of outcomes produced when interacting

with di�erent tools. Rather than relying on static features or prede�ned categories, their

model clusters observed environmental outcomes into hierarchically organized classes, al-

lowing the robot to represent functional tool properties at varying levels of abstraction.
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Each tool is thus characterized by the diversity and structure of the environmental ef-

fects it a�ords during interaction. The key insight of their framework is that tools can be

classi�ed functionally by analyzing similarities between their learned outcome taxonomies,

rather than relying on prede�ned human categorizations. Two tools that induce similar

environmental transformations are considered functionally similar, regardless of di�erences

in visual appearance or design. Using this method, the robot was able to successfully

di�erentiate among six tools (e.g., sticks, hooks, arrows) and identify functional equiva-

lence across some of them based purely on interaction data. Importantly, their distance

metrics between outcome taxonomies provide a quantitative, task-grounded basis for tool

comparison, which is directly relevant to formalizing tool a�ordances in RL agents.

Causal modeling frameworks also o�er a powerful avenue for formalizing tool use. By

learning causal relations between actions, tools, and environment dynamics, agents can

reason about which tools are likely to produce desired e�ects [60]. Such models can cap-

ture higher-level relational knowledge that supports tool substitution, meta-tool use, and

generalized problem-solving.

Altogether, these interaction-driven and causal frameworks mark an important shift

from static taxonomies toward grounded models that capture the functional role of tools

in embodied action. In the context of this thesis, they o�er a useful starting point for

developing computational models that unify tool classi�cation, a�ordance learning, and

information-theoretic formalizations based on empowerment.

2.5 Intrinsic Motivations in Reinforcement Learning

RL provides a computational framework for studying how agents can learn to act opti-

mally through interaction with their environment. An agent observes a state, selects an

action, and receives feedback in the form of a reward signal that guides its learning pro-

cess [11]. While RL has achieved impressive results in domains with well-de�ned external

rewards, many real-world and biological settings lack such explicit feedback, making it

di�cult for agents to discover useful behaviours purely through extrinsic reinforcement.

In natural organisms, motivation plays a central role in guiding behaviour even in the

absence of external rewards. The concept of intrinsic motivation, originating in psychol-

ogy and cognitive science [4, 5], refers to activities that are performed for their own sake.

For example, out of curiosity, the desire for mastery, or the drive to reduce uncertainty.

Intrinsic motivation has been proposed as a key mechanism underlying spontaneous ex-

ploration, play, and lifelong learning in humans and animals, which re
ects the biological

tendency to seek novelty, challenge, and competence. This perspective has inspired com-

putational researchers to model such internal drives within RL, enabling arti�cial agents
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to self-organize and acquire skills without requiring dense or pre-speci�ed rewards. In RL,

intrinsic motivation provides internal reward mechanisms that encourage agents to explore

novel situations, acquire diverse experiences, and build rich models of their environment

that generalize across tasks [17, 18]. These mechanisms integrate psychological aspects

such as curiosity, surprise, or control into quanti�able signals that shape behaviour. This

section reviews several prominent families of intrinsic motivation frameworks, leading into

empowerment-based approaches that provide the theoretical foundation for the contribu-

tions of this thesis.

2.5.1 Curiosity-Driven Exploration

Curiosity represents one of the most fundamental forms of intrinsic motivation, observed

across both biological and arti�cial agents. In psychology, curiosity is broadly de�ned as

the drive to seek novel, surprising, or informative experiences [71]. It promotes exploration

and cognitive development by motivating individuals to engage with stimuli that reduce

uncertainty or yield new knowledge. In RL, curiosity-based methods operationalize this

principle by rewarding agents for encountering states that deviate from their current expec-

tations, thus encouraging exploration even in the absence of extrinsic rewards. A seminal

contribution by Schmidhuber [72] formalised curiosity as the maximization of prediction

improvement over time, where agents are driven to explore situations that yield learning

progress rather than those that are either fully predictable or completely random. Sub-

sequent work has re�ned this idea into a family of curiosity-driven algorithms that use

prediction error as a proxy for novelty or surprise. Pathak et al. [7], for instance, pro-

posed the Intrinsic Curiosity Module (ICM), in which agents learn a forward dynamics

model to predict the next state given the current state and action. Intrinsic reward is com-

puted as the discrepancy between the predicted and actual next state, incentivizing the

agent to visit states where its predictive model performs poorly. Unlike learning-progress

approaches, which reward improvements in prediction accuracy over time, curiosity-based

rewards depend solely on instantaneous prediction error, capturing a form of surprise rather

than competence development. This class of methods has proven particularly e�ective in

sparse-reward environments and visually rich domains, such as Super Mario Bros [73] and

VizDoom [74], where curiosity enables sustained exploration without external supervision.

While curiosity-driven approaches e�ectively promote exploration by encouraging agents

to encounter surprising or poorly predicted states, they primarily focus on improving pre-

dictive models of the environment rather than explicitly quantifying the agent's causal

in
uence over speci�c entities within it. Consequently, although such methods support

broad exploration, they do not directly capture the structured, object-centred interactions

that are central to modelling tool use in this thesis. However, curiosity-driven signals
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can be seen as complementary to empowerment-based approaches, as they promote the

discovery of novel states that may later be exploited through structured, control-oriented

intrinsic objectives.

2.5.2 State Novelty and Count-Based Exploration

Another major family of intrinsic motivation methods focuses on quantifying state novelty.

Whereas curiosity is typically de�ned as the drive to reduce prediction error or surprise

based on an internal dynamics model, novelty-based approaches directly reward agents

for visiting previously unseen or infrequently encountered states, regardless of any predic-

tive model. In essence, curiosity seeks informational gain through learning, while novelty

maximization promotes state-space coverage through exploration.

Bellemare et al. [75] introduced pseudo-count-based exploration, wherein agents re-

ceive larger rewards for visiting states that are rarely encountered, encouraging systematic

coverage of the state space. Since exact state counting is infeasible in high-dimensional

or continuous observation spaces, Tang et al. [76] proposed a hashing-based approxima-

tion. In this framework, states are embedded into lower-dimensional hash codes, allowing

approximate visitation counts to guide exploration bonuses.

Building on these ideas, Burda et al. [77] proposed Random Network Distillation

(RND), where the agent predicts the output of a �xed random neural network given its cur-

rent observation. Here, the prediction error does not re
ect surprise or learning progress

as in curiosity, but instead measures how familiar a state is with respect to the agent's

accumulated experience. Highly familiar states yield low intrinsic rewards, while novel or

rarely visited observations lead to higher errors and thus stronger exploratory drives.

More recently, non-parametric density estimation techniques such as APT [78], and

RE3 [79], have used k-nearest neighbor (KNN) approaches to estimate state density and

novelty. These methods reward the agent for visiting states far from previously visited

observations in the feature space, promoting deep exploration and sample-e�cient policy

learning.

Further advancements have introduced representation learning-based novelty measures.

For instance, Proto-RL [80] and [81] enable robust state representations that enhance

novelty estimation. These representation-driven methods provide more stable and scalable

exploration signals, particularly in high-dimensional visual RL domains.

Novelty-based exploration methods therefore prioritise broad coverage of the state space

by encouraging agents to visit previously unseen or infrequently encountered states. While

this strategy is highly e�ective for exploration, it does not explicitly distinguish whether

state changes arise from meaningful interactions with task-relevant objects or from inciden-
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tal environmental variation. In contrast, the empowerment-based approach adopted in this

thesis focuses on measuring the agent's causal capacity to in
uence speci�c entities within

the environment, providing a more structured basis for modelling tool{object interactions.

A comparison with novelty-driven exploration, speci�cally count-based methods, is later

investigated experimentally in Section 5.2.2. In this sense, novelty-based exploration can

complement empowerment by facilitating broad state-space coverage, increasing the likeli-

hood of discovering task-relevant interactions that can subsequently be exploited through

object-centred intrinsic signals.

2.5.3 Competence-Based Intrinsic Motivation

In contrast to curiosity- or novelty-driven exploration, which encourage agents to seek

out surprising or previously unseen states, another family of intrinsic motivation methods

focuses on competence progress, inspired by developmental learning observed in humans

and animals. Here, competence refers to the agent's ability to successfully perform a given

task or achieve a goal, while learning progress quanti�es how this competence improves over

time. These approaches allow agents to autonomously structure and sequence their own

learning, gradually shifting attention toward tasks where their performance is improving

most. This process, often described as self-organized curriculum learning, enables the

agent to decide which goals to pursue at each stage of development instead of following a

pre-de�ned training schedule.

Competence-based intrinsic motivations are typically explored in open-ended and multi-

goal RL settings, where agents face a variety of tasks or parameterized goals. In such

contexts, intrinsic rewards are derived from observable improvements in task success or

skill performance over time. When an agent performs better at a particular goal than it

did previously, this improvement signals learning progress and produces an intrinsic reward.

Conversely, if no improvement occurs, the intrinsic motivation fades, encouraging the agent

to explore other goals.

Oudeyer et al. [82] proposed the Intelligent Adaptive Curiosity (IAC) framework, an

in
uential developmental model in which agents actively select tasks based on their learning

progress, prioritizing goals that currently yield the greatest improvement in performance.

This formulation operates within an open-ended learning setting, where multiple potential

goals or skills exist, and the agent must decide autonomously which ones to learn next.

The resulting mechanism allows agents to self-direct exploration toward learnable regions

of their environment, avoiding both tasks that are too easy (already mastered) and those

that are too di�cult (unlearnable). Through this process, agents construct internal learning

sequences, or curricula, mirroring how human infants gradually progress from simple to

complex motor and cognitive abilities. Curriculum learning, in this sense, refers to the
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progressive acquisition of skills in a structured order that facilitates continual learning and

retention.

Building on this foundation, Forestier et al. [83] extended intrinsically motivated goal

exploration to tool-use scenarios. Their agents selected object-manipulation tasks accord-

ing to competence progress, demonstrating that complex tool-use behaviours, such as using

one object to control another, can emerge autonomously without any prede�ned reward or

task speci�cation. This work is particularly relevant to the present thesis, as it connects

intrinsic motivation with the emergence of tool-mediated behaviour.

A key computational architecture in this area is the Self-Adaptive Goal Generation|Robust

Intelligent Adaptive Curiosity (SAGG-RIAC) model proposed by Baranes and Oudeyer [84].

In SAGG-RIAC, agents generate parameterized goals in a continuous task space and esti-

mate competence progress locally for each region. They then adapt their exploration focus

to areas where competence is improving most rapidly, e�ectively balancing exploration and

exploitation. Unlike earlier models, SAGG-RIAC introduced a hierarchical mechanism for

autonomously partitioning the goal space and adaptively allocating exploration resources,

enabling more scalable and robust learning in high-dimensional sensorimotor domains. This

approach has since been widely adopted in developmental robotics as a general framework

for self-directed skill acquisition in continuous and redundant action spaces.

More recent work has further extended these ideas toward open-ended goal discovery

in intrinsically motivated systems. For example, the Goal-discovering Robotic Architec-

ture for Intrinsically motivated Learning (GRAIL) [85] enables agents to autonomously

discover and explore goals through intrinsically motivated interaction, while subsequent

extensions such as C-GRAIL [86] introduce context-dependent goal learning within a RL

framework. More recent developments, such as H-GRAIL [87], further address the chal-

lenge of open-ended and hierarchical goal learning in more complex environments. These

approaches collectively highlight the importance of interdependent goals and structured

learning progress in autonomous skill acquisition.

Competence-based intrinsic motivation shares important similarities with the approach

developed in this thesis, particularly in its emphasis on structured, goal-directed behaviour

and the autonomous discovery of meaningful interactions. However, while competence-

progress methods organise learning around externally de�ned or internally generated goals,

the empowerment-based framework focuses instead on quantifying the agent's causal in
u-

ence over the environment itself. In this sense, competence-based approaches and empow-

erment can be viewed as complementary: the former structures learning over goal spaces,

while the latter provides a principled measure of controllability that can guide interaction

with objects and tools.
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2.5.4 Mutual Information-Based Intrinsic Motivation

A distinct class of intrinsic motivation methods leverages mutual information (MI) (see

Chapter 3.2.3 for a full formalisation) as a principled, information-theoretic signal to drive

exploration and skill acquisition. Within this family, empowerment can be understood as a

special case, corresponding to the maximum mutual information between an agent's actions

and its future environmental states. While MI is widely employed in representation learning

[88], its use as an intrinsic motivation di�ers in purpose. It measures how much an agent's

internal variables, rather than merely encoding compact features. For instance, its actions,

states, or latent policies, inform or in
uence aspects of the environment. This formulation

encourages controllable, diverse, and predictable interactions between the agent and its

surroundings.

Unsupervised Behaviour and Skill Discovery via Mutual Information

Unsupervised behaviour and skill discovery methods aim to enable agents to autonomously

acquire reusable behavioural primitives, such as options, skills, or policies, without relying

on external rewards. By maximising internal criteria like diversity or controllability, agents

learn a repertoire of behaviours that can later be composed to solve downstream tasks

more e�ciently. These approaches are particularly valuable in sparse-reward or open-

ended settings, where the goal is to develop general-purpose competencies rather than

task-speci�c policies.

A foundational contribution in this direction is Variational Intrinsic Control (VIC)

[89], which introduced one of the earliest variational formulations of empowerment. VIC

maximises the MI between the agent's internally selected option variable (representing a

temporally extended action sequence) and the resulting state at the option's termination.

This encourages the agent to learn diverse and reliably distinguishable options, e�ectively

expanding its behavioural repertoire. In this framework, options can be viewed as meta-

actions that abstract over multiple primitive steps, allowing the agent to control its envi-

ronment at a higher temporal scale. Although VIC is often discussed within the context

of skill discovery, its objective directly corresponds to empowerment, measuring how much

in
uence the agent can exert over future states through extended actions.

Building on this idea, DIAYN (\Diversity is All You Need") [90] also employs a MI

objective to discover distinct and controllable behaviours. Rather than modelling tempo-

rally bounded options, DIAYN introduces skills, policies conditioned on latent identi�ers,

such that each skill induces a unique distribution of visited states. By maximising the

mutual information between the skill variable and the agent's trajectories, DIAYN pro-

duces a set of behaviours that are distinguishable based on their environmental outcomes.
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Conceptually, while VIC emphasises control through temporally extended options, DIAYN

focuses on learning diverse behaviours at the policy level; both, however, can be inter-

preted as empowerment-related formulations that aim to maximise the agent's in
uence

over the environment in di�erent ways. These approaches are therefore closely aligned with

empowerment, di�ering primarily in how the underlying mutual information objective is

structured and optimised.

Beyond VIC and DIAYN, several unsupervised skill-discovery methods pursue related

goals with di�erent training signals and structures. DADS [91] leverages a learned dynam-

ics model and maximises a predictability/diversity objective over state transitions, yielding

skills that produce reliably distinguishable dynamics. VALOR [92] frames option discovery

via variational inference, learning latent-conditioned policies together with an inference

model that identi�es the latent from trajectories, thereby producing identi�able, reusable

options. HIDIO [93] introduces a hierarchical scheduler{worker architecture for skill dis-

covery, optimising diversity/entropy objectives to learn temporally coordinated skills over

full trajectories. These approaches illustrate complementary design choices, such as model-

based prediction (DADS), variational identi�cation of options (VALOR), and hierarchical

coordination (HIDIO), within the broader landscape of unsupervised behaviour acquisition.

Information Gain and Model Uncertainty Approaches

Another prominent line of work applies mutual information to model-based exploration by

rewarding the agent for information gain about its learned environment model. In Vari-

ational Information Maximizing Exploration (VIME) [9], agents receive intrinsic rewards

proportional to the reduction in uncertainty about environment dynamics after each tran-

sition, quanti�ed via mutual information between actions and model parameters. This

encourages agents to explore transitions that provide the greatest learning signal for their

predictive models.

Similarly, Exploration with Mutual Information (EMI) [94] estimates the MI between

latent state representations and action sequences, guiding the agent toward behaviourally

informative regions of the environment. These methods reward transitions that improve

the agent's understanding of either the environment's structure or its own controllable

behaviours.

Mutual Information State Intrinsic Control

A more recent direction has focused on maximizing MI between the agent's own state

and the surrounding environment, leading to e�cient intrinsic control behaviours. MUSIC

(Mutual Information State Intrinsic Control) [25] formalises this idea by decomposing the
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overall system state into two components: the agent's internal or controllable part (e.g.,

body con�guration, e�ector states) and the external or environmental part (e.g., objects,

surroundings). The agent is intrinsically rewarded for increasing the MI between these

two components, thereby learning behaviours that maximise the mutual dependence be-

tween its own con�guration and its environment. In practical terms, this means that the

agent is encouraged to discover behaviours that reliably in
uence its surroundings, such

as pushing, grasping, or manipulating objects, without any extrinsic rewards. MUSIC has

demonstrated the emergence of complex skills such as pick-and-place behaviours in robotic

environments without any extrinsic rewards.

Conceptually, MUSIC shares close ties with empowerment, as both aim to quantify

an agent's potential in
uence over its environment through MI. While empowerment mea-

sures the MI between actions and future states, MUSIC focuses instead on MI between

the agent's and environment's state components, o�ering a more tractable and scalable

formulation for continuous-control tasks. This makes MUSIC particularly compatible with

empowerment-based formulations, as both seek to maximise the agent's ability to in
uence

its environment, albeit through di�erent decompositions of the underlying system. This

direct coupling between intrinsic motivation and environmental interaction makes MUSIC

particularly suitable for domains where object manipulation and causal control are central.

These MI-based approaches highlight the importance of controllability and behavioural

diversity as intrinsic drivers of learning. Many of these formulations are closely related to

empowerment, di�ering primarily in how the mutual information objective is de�ned (e.g.,

actions vs. states vs. latent variables) and optimised in practice. While most methods focus

on discovering reusable behaviours or improving predictive models of interaction, they do

not explicitly structure the agent's in
uence over speci�c entities within the environment.

In contrast, the approach developed in this thesis builds on the empowerment principle to

quantify object-speci�c causal in
uence, enabling intrinsic evaluation of tool functionality

through agent{tool{object interactions. Many of these MI-based frameworks share a close

conceptual connection to empowerment, which itself is the maximum of the MI between

the agent's actions and its future environmental states. In the next section, this thesis

builds on this connection to review empowerment-based approaches in RL, which serve as

the theoretical foundation for the contributions of this thesis.

2.5.5 Empowerment-Based Intrinsic Motivation

Among information-theoretic intrinsic motivation frameworks, empowerment has emerged

as a particularly principled and general measure. Empowerment formalizes the agent's

intrinsic drive to maximize its potential in
uence over the environment by quantifying the

mutual information between its actions and the resulting future states (see Chapter 3.3 for
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full formalisation). Rather than focusing on novelty, surprise, or external goal achievement,

empowerment rewards agents for seeking states where they retain maximal optionality and

control over (distinguishable) future outcomes.

The concept was originally introduced by Klyubin et al. [1, 10], who proposed that intel-

ligent agents may act to place themselves in states that maximize the diversity of reachable

and controllable future states. This perspective draws inspiration from biological systems,

where organisms often seek to maintain high 
exibility and adaptability in uncertain envi-

ronments. Empowerment thereby serves as a task-independent, unsupervised measure of

agency.

Later work extended the empowerment framework to continuous domains and high-

dimensional problems [95, 96]. These papers introduced Monte Carlo sampling techniques

to approximate the empowerment value in settings where exact computation of MI was

infeasible. These studies marked an important step toward applying empowerment beyond

small discrete environments, demonstrating how sampling-based estimation could preserve

its information-theoretic interpretation in more realistic control problems. Later, Salge

et al. [97] provided a comprehensive overview of these approaches, discussing analytical,

sampling-based, and approximation techniques within a uni�ed framework. Mohamed and

Rezende [21] subsequently proposed a scalable variational information maximisation ap-

proach that enabled empowerment estimation in deep RL settings by representing both

the policy and dynamics model with neural networks. This variational formulation made

empowerment computationally tractable in complex, high-dimensional visual domains, ef-

fectively bridging classical information-theoretic formulations with modern deep RL. More

recent work, such as Bharadhwaj et al. [22], has further explored empowerment in visual

model-based RL, reinforcing its relevance for agents that must learn structured represen-

tations of controllability in complex environments.

Choi et al. [98] investigated empowerment for representation learning, proposing an

empowerment-regularised objective that yields state abstractions aligned with controlla-

bility (i.e., preserving the agent's ability to in
uence future states). Zhao et al. [23] intro-

duced an e�cient online estimator for empowerment that scales to longer horizons via a

variational formulation implemented with neural networks, making computation practical

in complex domains. Related work has integrated empowerment with causal modelling to

adapt intrinsic rewards toward interventions that produce predictable, high-impact changes

in the environment [99, 100]. In human-centric settings, empowerment has been used to

guide human-assistive agents without inferring explicit goals [101, 102]. These advances

highlight the growing versatility of empowerment in tackling real-world learning challenges.

Beyond its theoretical appeal, empowerment has been empirically validated as an ef-

fective intrinsic drive in sparse-reward settings. Massari et al. [103] provided experimental
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evidence that empowerment-based exploration can drive e�cient learning even in the ab-

sence of external rewards. Recently, the integration of empowerment into hierarchical RL

frameworks has further expanded its applicability by proposing Hierarchical Empowerment

[104].

Empowerment has also been successful for robotics applications. For instance, Dai et al.

[105] proposed an empowerment-based solution for manipulation tasks under sparse reward

settings. Cao et al. [106] recently extended empowerment into a causality-aware framework

for embodied agents. Their Causal Action Empowerment (CAE) method integrates causal

structure learning with empowerment to identify controllable state variables, prioritize

high-impact actions, and improve sample e�ciency. Empowerment has also been explored

in multi-agent coordination and communication scenarios [107], as well as social navigation

[108].

In the context of skill learning, [109] demonstrates how empowerment can be leveraged

to acquire skills in RL tasks. Recent work by Lidayan et al. [110] demonstrates how

empowerment-driven exploration enables agents to autonomously discover diverse tool-

like interaction strategies in open-ended simulated environments, further underscoring the

suitability of empowerment for structured, multi-object interaction tasks.

Empowerment di�ers from many other intrinsic motivation frameworks in that it ex-

plicitly models controllability and in
uence rather than novelty or surprise. This makes it

particularly suitable for domains where agents interact with structured environments con-

taining tools and manipulable objects, and where the objective is not merely exploration

but the maintenance and expansion of the agent's capacity to act. The work presented

in this thesis builds directly on empowerment-based intrinsic motivation by extending it

to explicitly model agent{object interactions through object empowerment. In this formu-

lation, empowerment is conditioned on the state of speci�c manipulable entities within

the environment. This allows arti�cial agents to evaluate the functional utility of tools

by quantifying their potential in
uence over task-relevant objects. This object-centred

perspective provides a principled information-theoretic basis for modelling tool use, tool

a�ordances, and 
exible problem-solving in reinforcement learning systems.

2.5.6 Intrinsic Motivation Applied to Tool Use

While most intrinsic motivation frameworks are formulated in general-purpose RL settings,

few studies have speci�cally explored their application to tool-use learning. These works

demonstrate how intrinsic motivation can drive exploration and facilitate the acquisition

of tool-related skills in the absence of dense external supervision.

Seepanomwan et al. [111] proposed an intrinsic motivation architecture for a humanoid
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robot tasked with learning new motor skills that enable tool use. In their setup, the robot

�rst autonomously explores motor behaviours using intrinsic rewards based on novelty and

competence progress, gradually acquiring control over a ball-on-table manipulation task

that required tool use. Once a su�cient skill repertoire was acquired, a goal-directed phase

allowed the robot to exploit these learned behaviours for task completion.

Building upon this, Seepanomwan et al. [112] studied tool-use development using a

simulated iCub humanoid robot. They compared two hypotheses: one focusing on the

gradual development of goal-directed planning abilities, and another emphasizing intrinsic

motivation as the driver for self-organized acquisition of a�ordances, skills, and forward

models. Their results showed that intrinsic motivation could account for the rapid emer-

gence of tool-use abilities, supporting the critical role of intrinsic motivation in tool-use

development.

Forestier et al. [113] further extended these ideas by introducing an intrinsically

motivated goal exploration architecture where agents select multiple learning goals au-

tonomously. Crucially, knowledge acquired while exploring one goal (e.g., learning to use

a tool) can be transferred to facilitate learning of related goals (e.g., solving tasks that re-

quire tool manipulation). This transfer of experience across multiple interconnected goals

represents a critical prerequisite for developing more general tool-use competencies.

Taken together, these studies highlight how intrinsic motivation, through mechanisms

such as competence progress and novelty-driven exploration, can serve as an e�ective driver

for acquiring tool-use behaviours. These studies suggest that combining intrinsic motiva-

tion with goal exploration, competence-based learning, and planning mechanisms can sup-

port the emergence of increasingly 
exible and adaptive tool-use capabilities. Importantly,

many of these approaches operate in multi-goal settings where learning one objective can

in
uence or facilitate progress on others, re
ecting forms of interdependent goal learning

[82, 84{87, 113]. In such settings, tool use can be understood as a structured form of

skill acquisition involving interdependent sub-goals, for example, acquiring a tool before

using it to manipulate an object. The approach developed in this thesis aligns with this

perspective, but provides a distinct formulation in which such interdependencies emerge

through object-centred empowerment. Rather than relying on prede�ned or externally pa-

rameterised goals, object empowerment intrinsically guides the agent toward sequences of

actions that increase its causal in
uence over task-relevant objects, thereby enabling the

autonomous resolution of interdependent goals in tool-use scenarios. This thesis builds on

these foundations by introducing an information-theoretic intrinsic motivation framework

based on empowerment, namely object empowerment, allowing arti�cial agents to evaluate

the functional utility of tools via their capacity to in
uence task-relevant objects during

interaction.
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2.6 Hierarchical Reinforcement Learning and Tool Abstrac-

tion

Beyond intrinsic motivation frameworks, another in
uential line of research for structuring

complex behaviour in reinforcement learning is hierarchical reinforcement learning (HRL).

HRL addresses the challenge of long-horizon decision-making by introducing temporal ab-

straction and multi-level policy structures. Rather than selecting only primitive actions,

HRL methods de�ne higher-level entities such as options, subpolicies, or managers that op-

erate over extended time scales [114, 115]. These abstractions allow agents to decompose

complex tasks into structured components and to reuse learned behaviours across contexts.

The options framework [114] formalises temporally extended actions as policies with

initiation conditions and termination rules. More recent approaches, such as the Option-

Critic architecture [116], learn such abstractions end-to-end, while architectures like FeUdal

Networks [117] and HIRO [118] employ manager{worker decompositions to learn hierar-

chical control policies. These methods aim to improve exploration e�ciency and credit

assignment in environments with sparse rewards.

From the perspective of tool use, HRL o�ers a natural interpretation in which tools may

correspond to temporally extended skills or subpolicies that achieve speci�c environmental

transformations. In this sense, HRL provides a mechanism for structuring behaviour into

reusable components that can capture multi-step interactions, including those involving

tools.

The approach developed in this thesis focuses on a complementary aspect, namely the

intrinsic evaluation of agent{environment interactions in terms of object-level causal in-


uence. By extending empowerment to quantify such in
uence, the framework provides a

measure of how actions a�ect speci�c objects within the environment. While HRL struc-

tures behaviour through hierarchical policies, object empowerment provides an intrinsic

signal that can guide which interactions are meaningful or e�ective. These perspectives

can be viewed as complementary, with HRL addressing how behaviours are organised and

executed, and empowerment addressing how their e�ects are intrinsically evaluated.



Chapter 3

Theoretical and Technical

Background

This chapter presents the foundational concepts that underpin the development of the

empowerment-based RL approaches explored in subsequent chapters. It begins with a

formal introduction to the RL paradigm, which frames learning as a sequential decision-

making process driven by trial-and-error interactions with an environment. Core elements

such as Markov Decision Processes (MDPs), value functions, and the exploration{exploitation

trade-o� are discussed to establish a principled understanding of the RL framework. The

chapter also introduces the main families of RL algorithms, including value-based meth-

ods (e.g., Q-learning), policy-based methods (e.g., REINFORCE [119]), and actor{critic

approaches, which combine both paradigms. Special emphasis is given to widely used ac-

tor{critic variants such as Advantage Actor-Critic (A2C) [120] and Proximal Policy Opti-

mization (PPO) [121], which are employed in the experiments as baselines in sparse-reward

environments.

The chapter then shifts focus to the role of intrinsic motivation in tackling sparse or

delayed reward scenarios. In this context, reward regularisation techniques are introduced

as mechanisms to integrate task-agnostic objectives, such as novelty, curiosity, and em-

powerment, into the learning process. These methods serve to encourage exploration and

facilitate the discovery of meaningful behavior in the absence of dense external feedback.

To support a formal treatment of the intrinsic motivation empowerment, the chapter

introduces key information-theoretic concepts, including entropy, mutual information, and

channel capacity. These concepts form the basis for de�ning empowerment as a measure of

an agent's potential in
uence over its future observations. The action{perception loop is

formalised from an information-theoretic standpoint, leading to the de�nition of empow-

erment and its variants for both stochastic and deterministic environments.

33
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3.1 Reinforcement Learning

Reinforcement learning (RL) provides a mathematical framework for modeling sequential

decision-making problems where an agent interacts with an environment to achieve a goal

[11]. At each time step, the agent observes the current state of the environment, selects an

action, receives feedback in the form of rewards, and transitions to a new state as shown

in Figure 3.1 Over time, the agent aims to learn a policy that maximizes its cumulative

reward.

Figure 3.1: Schematic of the RL interaction loop between agent and environment. At each

time step, the agent is in a state, selects an action, receives a reward, and transitions to a

new state.

3.1.1 Markov Decision Processes

Formally, RL problems are modeled as Markov Decision Processes (MDPs) [122], de�ned

by the tuple (S; A; P; R; 
), where:

ˆ S is the set of possible states that describe the environment.

ˆ A is the set of possible actions available to the agent.

ˆ P (s 0js; a) is the transition probability distribution, specifying the probability of tran-

sitioning to state s0 2 S when taking action a 2 A in state s 2 S.

ˆ R(s; a) is the reward function, providing a real-valued scalar feedback (which can be

continuous and negative) for performing action a in state s.

ˆ 
 2 (0; 1] is the discount factor, determining how future rewards are weighted relative

to immediate rewards.
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At each discrete time step t, the agent is in the current state st , selects an action at ,

receives a reward rt = R(s t ; at ; st+1 ), and transitions to a new state st+1 � P (�js t ; at ). The

agent's behavior is governed by a policy �(ajs), which de�nes the probability distribution

over actions conditioned on the current state.

3.1.2 Objective and Return

The goal of the agent is to learn a policy that maximizes the expected cumulative discounted

reward [11]. The cumulative discounted reward Gt , or return, at time t is de�ned as follows:

Gt =
1X

k=0


 kRt+k (3.1.1)

The expected return under a policy � is called value function [11]:

V � (s) = E � [Gt j st = s] (3.1.2)

which measures the expected cumulative reward when starting from state s and follow-

ing policy � thereafter.

Similarly, the state-action value function, or Q-function, is de�ned as [11]:

Q� (s; a) = E � [Gt j st = s; a t = a] (3.1.3)

The objective of RL is to �nd an optimal policy � � that maximizes the expected return

from any initial state.

3.1.3 Main Families of RL Algorithms

RL algorithms can broadly be categorized into three main families: value-based methods,

policy-based methods, and actor-critic methods. Each family o�ers unique strategies for

learning optimal behaviors in sequential decision-making problems.

ˆ Value-based Methods: These approaches focus on estimating value functions,

such as the state-value function V� (s) or the action-value function Q � (s; a), and

derive policies by acting greedily with respect to these estimates. Classical algorithms

include Q-learning and Deep Q-Networks (DQN) [15], which approximate Q-values

using deep neural networks.

ˆ Policy-based Methods: These methods directly learn a parameterized policy � � (a j

s) without explicitly estimating value functions. Policy gradients are computed using
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algorithms like REINFORCE [119], which optimize the expected return by adjusting

the parameters � via gradient ascent.

ˆ Actor-Critic Methods: These combine the strengths of both value-based and

policy-based methods. The actor updates the policy based on feedback from the

critic, which evaluates actions by estimating value functions. This family includes

algorithms such as Advantage Actor-Critic (A2C) [120, 123] and Proximal Policy

Optimization (PPO) [121], which improve learning stability and e�ciency.

3.1.4 Challenges in RL

Despite the remarkable progress achieved in recent years, RL continues to face several

enduring challenges that limit its scalability, reliability, and applicability to complex real-

world domains. One of the most prominent di�culties is sample ine�ciency: many RL

algorithms require a large number of interactions with the environment to learn e�ective

policies [15]. This issue becomes particularly acute in high-dimensional continuous control

or sparse-reward settings, where informative feedback is rare. A second core challenge con-

cerns the exploration{exploitation trade-o� [11]. Striking a balance between exploring new

strategies and exploiting known rewarding behaviors is a persistent challenge. Ine�ective

exploration can lead to suboptimal policies. The credit assignment problem further compli-

cates learning in long-horizon tasks, where delayed rewards make it di�cult to infer which

past actions were responsible for success or failure [124]. Generalization is also a persistent

challenge: agents trained in one environment often fail to adapt to even slightly perturbed

conditions or unseen con�gurations [125]. This limits transfer and reusability of learned

behaviors. Finally, sparse and delayed rewards represent one of the hardest obstacles in RL

[17, 18]. When external feedback is rare, agents struggle to discover useful behaviors with-

out additional guidance. To address this, auxiliary objectives, reward shaping, or intrinsic

motivation mechanisms (e.g., empowerment) are often introduced to encourage exploration

and provide denser learning signals.

3.1.5 RL Algorithms Used in This Thesis

The experimental studies in this thesis rely on policy-gradient methods, particularly the

A2C and PPO. These approaches were selected for their conceptual clarity, ease of inte-

gration with intrinsic-motivation signals such as empowerment, and their strong empirical

performance in both discrete and continuous control domains. This section brie
y outlines

their theoretical formulation and training dynamics, before they are applied as baseline

learning mechanisms in the experiments.
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Advantage Actor-Critic (A2C)

The Advantage Actor-Critic (A2C) algorithm [120, 123] is a synchronous variant of the

actor-critic family of RL algorithms, and serves as one of the baseline methods used in this

thesis. It combines the strengths of both value-based and policy-based RL. It uses two

neural networks: an actor, which learns the policy �� (a j s), and a critic, which estimates

the value function V � (s). The overall structure is illustrated in Fig. 3.2.

Figure 3.2: A2C architecture where the actor outputs the policy � � (a j s) and the critic

outputs the state value V � (s).

Unlike REINFORCE [119], a pure policy-gradient method that su�ers from high vari-

ance due to its reliance on Monte Carlo estimates, A2C incorporates a value baseline to

stabilize learning. Speci�cally, it estimates the advantage function A� (st ; at ), which mea-

sures how much better or worse an action is compared to the average action at state st :

A � (st ; at ) = Q � (st ; at ) � V � (st ) (3.1.4)

Here, the action-value function Q� (st ; at ) is approximated using n-step returns, denoted

by ~Q� (st ; at ) and de�ned as:

~Q� (st ; at ) =
n�1X

k=0


 k r t+k+1 + 
 nV � (st+n ) (3.1.5)

This estimate aggregates the immediate rewards rt+1 ; r t+2 ; : : : obtained after taking

action at in state st , followed by following policy �. It serves as a �nite-horizon surrogate

for the true return G t , without implying equality.

The loss for the critic is computed using the mean squared error between the predicted

state value V� (st ) (from the critic network) and the bootstrapped target ~Gt (computed

from sampled trajectories):
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L val (� C ) =
1
T

TX

t=0

�
V � (st ) � ~Gt

� 2
(3.1.6)

The policy loss for the actor follows directly from the policy gradient theorem, where

log � � A (at j st ) encourages the policy to increase the probability of actions with positive

advantage and decrease it otherwise:

L pol (� A ) = �
1
T

TX

t=0

A � (st ; at ) log � � A (at j st ) (3.1.7)

At each time step t, the agent observes state st and selects an action at from its policy

network. After executing the action, it receives a reward Rt and the next state st+1 .

These interactions form trajectories (st ; at ; Rt ; st+1 ) used to update both actor and critic

networks. The following algorithm summarizes the A2C update process:

Algorithm 1 Advantage Actor-Critic (A2C)

1: Initialize actor learning rate � A , critic learning rate � C

2: Initialize actor parameters � A , critic parameters � C

3: for each episode do

4: Collect trajectory f(s t ; at ; Rt ; st+1 )gT
t=0 using current policy � � A

5: for each step t = 0 to T do

6: Estimate value V� (st ) using critic network � C

7: Estimate bootstrapped return ~Gt =
P n�1

k=0 
 k r t+k+1 + 
 nV � (st+n )

8: Compute advantage: A� (st ; at ) = ~Gt � V � (st )

9: end for

10: Compute value loss: Lval (� C ) = 1
T

P T
t=0 (V � (st ) � ~Gt )2

11: Compute policy loss: Lpol (� A ) = � 1
T

P T
t=0 A � (st ; at ) log � � A (at j st )

12: Update critic: � C  � C � � C r � C L val

13: Update actor: � A  � A � � A r � A L pol

14: end for

Proximal Policy Optimization (PPO)

Proximal Policy Optimization (PPO) [121] is a popular on-policy reinforcement learning

algorithm that builds upon the actor-critic framework, introducing stability and robustness

in policy updates through a surrogate objective function with a clipping mechanism. PPO

is widely used in deep RL due to its balance of implementation simplicity, sample e�ciency,

and reliable performance across diverse environments.

Similar to A2C, PPO maintains two networks: an actor that represents the policy

� � (a j s) and a critic that estimates the value function V � (s). However, unlike traditional
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policy gradient methods, PPO avoids large and potentially destructive policy updates by

penalizing deviations from the old policy during optimization. This is achieved using a

clipped objective function that restricts the policy update within a small trust region.

Let the probability ratio between the new policy � � and the old policy � � old be de�ned

as:

r t (�) =
� � (at j st )

� � old (at j st )
(3.1.8)

The surrogate objective function used in PPO is given by:

L CLIP (�) = E t
�
min

�
r t (�)A t ; clip

�
r t (�); 1 � �; 1 + �

�
� A t

��
(3.1.9)

Here, the expectation Et denotes an average over time steps in a batch of trajectories.

The term A t represents the advantage estimate at time step t, and � is a hyperparameter

(typically between 0:1 and 0:3) that determines the clipping range. The function clip(r; 1 �

�; 1 + �) truncates the value of r so that it remains within the interval [1 � �; 1 + �]. The

min operator in the objective ensures that the update remains conservative: if the policy

update would lead to an overly large policy change (re
ected by a large value of rt (�)), the

clipped version is used instead. This mechanism limits the extent to which the new policy

can deviate from the previous one, thereby promoting training stability.

The overall PPO objective combines the policy loss LCLIP , value function loss, and an

entropy bonus to encourage exploration:

L PPO (�) = L CLIP (�) � c 1L val (�) + c 2H[� � ] (3.1.10)

Here, Lval (�) is the mean squared error loss for the critic, and H[� � ] is the entropy of the

policy used to promote exploration. Coe�cients c1 and c2 balance the relative importance

of the di�erent loss components.

The entropy bonus encourages the policy to remain stochastic and is computed as:

H[� � ] = E a�� � [� log � � (a j s)] (3.1.11)

where higher entropy corresponds to more exploratory behavior, preventing premature

convergence to suboptimal deterministic policies.

At each iteration, PPO collects trajectories using the current policy, computes advan-

tage estimates (often using Generalized Advantage Estimation (GAE) [126]), and performs



CHAPTER 3. THEORETICAL AND TECHNICAL BACKGROUND 40

multiple epochs of stochastic gradient updates using mini-batches. Although the surro-

gate objective function in Equation 3.1.9 is maximized in principle (i.e., gradient ascent),

in practice it is often implemented as a minimization problem by negating the objective

and applying gradient descent. The key di�erence from A2C lies in the clipped surrogate

objective and repeated updates using the same batch of data.

In this thesis, PPO is used as the main learning algorithm for training agents across

several experiments. Although the grid-world environments are relatively small, neural net-

work function approximators are retained as part of the standard implementations in both

RLlib [127] and Stable-Baselines3 [128], which o�er e�cient parallelism and reproducibility

across custom environments.

The following algorithm outlines the core PPO update procedure:

Algorithm 2 Proximal Policy Optimization (PPO)

1: Initialize actor learning rate � � , critic learning rate � �

2: Initialize actor parameters �, critic parameters �

3: for each iteration do

4: Collect trajectories f(s t ; at ; Rt ; st+1 )g using current policy � �

5: Estimate bootstrapped returns ~Gt and advantages At using GAE [126]

6: Compute old log probabilities: log � � old (at j st )

7: for each epoch do

8: for each minibatch do

9: Compute ratio: r t (�) = � � (a t js t )
� � old

(a t js t )

10: Compute clipped surrogate loss LCLIP (�) using Equation 3.1.9

11: Compute value loss: Lval (�) =
�

V � (st ) � ~Gt

� 2

12: Compute entropy bonus: H[� � ] = �
P

a � � (a j st ) log � � (a j st )

13: Update critic: �  � � � � r � L val (�)

14: Update actor: �  � + � � r �
�
L CLIP (�) + c 2H[� � ]

�

15: end for

16: end for

17: end for

3.1.6 Addressing Sparse Rewards through Intrinsic Motivation

Sparse rewards are a major obstacle in RL, especially in complex environments where

agents receive little or no feedback for long sequences of actions. In such cases, conven-

tional reward-driven exploration often fails, as agents struggle to discover strategies that

yield meaningful extrinsic rewards. To address this, many works introduce intrinsic moti-

vation mechanisms that augment extrinsic rewards with exploration signals that are largely
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independent of the external task. These mechanisms are designed to encourage the agent

to seek novel or unpredictable experiences, often quanti�ed through measures of novelty [8],

curiosity [7], information gain [9], or empowerment [10]. Such quantities can serve as reward

regularisers that bias the agent towards behaviors that improve long-term exploration or

competence.

A common method to incorporate intrinsic motivation is through reward augmentation,

where the extrinsic reward R from the environment is combined with an intrinsic signal

M, yielding a regularised reward R̂:

R̂ := R + �M; (3.1.12)

where � is a weighting coe�cient that determines the in
uence of the intrinsic reward on

learning. This formulation has been widely adopted across several streams of exploration

research as follows. The regulariser M can take various forms:

ˆ Intrinsic Curiosity Module (ICM) rewards the agent for encountering outcomes

that its internal predictive model fails to anticipate, thereby encouraging exploration

of unfamiliar dynamics. The forward model, trained jointly with the policy, predicts

the next state given the current state and action, and the prediction error serves as

the intrinsic reward [7].

ˆ Count-Based Exploration encourages the agent to visit novel regions of the state

space by assigning higher intrinsic rewards to states that have been encountered less

frequently. In high-dimensional environments, pseudo-count estimators are used to

approximate the notion of novelty [75].

ˆ Variational Information Maximizing Exploration (VIME) promotes curiosity-

driven behavior by rewarding transitions that reduce the agent's uncertainty about

the environment dynamics. In practice, this is implemented within a model-based

RL framework, where the intrinsic reward is proportional to the information gain

about the model's parameters [9].

ˆ Empowerment encourages exploration toward states where the agent has maximal

potential in
uence over its future. It measures the channel capacity, i.e., the maxi-

mum possible mutual information between actions and successor states, thus driving

the agent to seek controllable and information-rich regions of the environment [1].

These intrinsic signals are often added at the reward level (as in Equation 3.1.12),

but can also appear as auxiliary losses during training, or in
uence policy regularisation
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directly (e.g., entropy regularization [129] or Kullback{Leibler (KL)-divergence penalties

in PPO [121]).

This thesis adopts an information-theoretic intrinsic reward based on empowerment,

which measures the agent's potential to in
uence future states through its actions. This

intrinsic signal serves as a dense and task-independent guide in environments where ex-

trinsic rewards are sparse. This thesis integrates empowerment into the reward structure

using Equation 3.1.12, encouraging the agent to navigate toward states with high control-

lability and utility. Object empowerment is introduced and utilised as a novel extension

of empowerment that quanti�es the agent's potential to in
uence speci�c target objects in

the environment. This object-centric variant proves particularly e�ective in tool-based sce-

narios, where interactions are mediated through tools and directed at manipulable objects.

The regularisation strength of both empowerment forms is controlled by the coe�cient �,

which is tuned depending on the environment and task. By integrating traditional em-

powerment and object empowerment into the learning process, this work aims to promote

structured exploration and accelerate the acquisition of tool-use behaviours, even in the

absence of immediate external feedback.

3.2 Information-Theoretic Foundations

Information theory [130], pioneered by Claude Shannon in 1948 [131], provides a mathe-

matical framework for quantifying uncertainty, measuring information, and analyzing the

capacity of communication channels. Originally developed to study e�cient signal trans-

mission, its concepts have since found widespread application in statistics, machine learn-

ing, arti�cial intelligence, and many other �elds. In the context of RL, information theory

forms the basis for several intrinsic motivation frameworks [9, 25, 90], including empower-

ment [21]. This section introduces the core information-theoretic notions that underpin the

development of the empowerment-based approaches presented in the subsequent chapters.

3.2.1 Entropy

Entropy is a measure of the uncertainty associated with a random variable. Let X be a

discrete random variable with probability mass function p(x). The entropy H(X) is de�ned

as:

H(X) = �
X

x

p(x) log p(x) (3.2.1)

Entropy measures the expected number of bits required to optimally encode the out-
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come of X under its probability distribution. It represents the average level of unpredictabil-

ity of the variable's outcomes. That means higher entropy implies that the outcome of X

is more uncertain, while lower entropy indicates that it is more predictable. Entropy is

always non-negative (H(X) � 0) and reaches its minimum value of 0 when the outcome

of X is certain (i.e., p(x) = 1 for one value of x). It attains its maximum value when all

outcomes are equally likely, that is, for a uniform distribution over n possible outcomes,

H(X) = log n bits.

3.2.2 Conditional Entropy

The conditional entropy H(Y jX) quanti�es the remaining uncertainty about a discrete

random variable Y given that the value of another discrete random variable X is known. Let

p(x; y) denote their joint probability distribution and p(yjx) the corresponding conditional

probability. The conditional entropy is de�ned as:

H(Y jX) = �
X

x

p(x)
X

y

p(yjx) log p(yjx): (3.2.2)

Intuitively, H(Y jX) measures the expected uncertainty of Y averaged over all possible

values of X. If X completely determines Y , then H(Y jX) = 0; if X provides no infor-

mation about Y , then H(Y jX) = H(Y ). Thus, conditional entropy expresses how much

uncertainty about Y remains after X is known.

3.2.3 Mutual Information

Mutual information captures how much knowing one random variable reduces uncertainty

about another. Formally, for discrete random variables X and Y with joint probability

distribution p(x; y) and marginals p(x) and p(y), mutual information is de�ned as:

I(X; Y ) =
X

x

X

y

p(x; y) log
p(x; y)

p(x)p(y)
(3.2.3)

The mutual information I(X; Y ) between two variables X and Y is also expressed as:

I(X; Y ) = H(X) � H(XjY ) = H(Y ) � H(Y jX): (3.2.4)

It quanti�es the amount of information shared between X and Y . Mutual information

is always non-negative and equals zero if and only if X and Y are statistically independent.

Figure 3.3 provides an intuitive Venn diagram-based representation of the relationship

between entropy, conditional entropy, and mutual information. This visualisation helps

convey how information is shared between two random variables and how uncertainty is
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Figure 3.3: Venn diagram representation of the relationship between entropies H(X),

H(Y ), conditional entropies H(XjY ), H(Y jX), and mutual information I(X; Y ). The

overlapping region represents the mutual information|the reduction in uncertainty of one

variable given the other.

partitioned among their joint and individual components. The total uncertainty of random

variables X and Y are represented by the circles H(X) and H(Y ), respectively. The inter-

section between the two circles corresponds to the mutual information I(X; Y ), which rep-

resents the portion of uncertainty that is common to both variables. The non-intersecting

regions correspond to the conditional entropies H(XjY ) and H(Y jX), indicating the resid-

ual uncertainty in each variable once the other is known.

3.2.4 Conditional Mutual Information

While mutual information measures the overall dependency between two variables, condi-

tional mutual information (CMI) quanti�es the mutual dependence between two variables

given knowledge of a third. Formally, the conditional mutual information between X and

Y given Z is de�ned as:

I(X; Y jZ) = H(XjZ) � H(XjY; Z) (3.2.5)

This measures how much knowing Y helps reduce uncertainty about X when Z is

already known. It re
ects the additional information that Y provides about X, beyond

what is already contained in Z.

Figure 3.4 visualizes the relationships among entropies, conditional entropies, and CMI

in a three-variable setting. For example, the fact that I(X; Y jZ) represents the amount of

information shared between X and Y once Z is known is re
ected in the intersection be-

tween X and Y excluding any shared information with Z. The central intersection, labeled

I(X; Y ; Z), denotes the \multivariate mutual information" or \interaction information",
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Figure 3.4: Venn diagram representation of entropy, conditional mutual information, and

multivariate mutual information among three random variables X, Y , and Z. Pairwise

CMI terms such as I(X; Y jZ) appear in the pairwise overlaps, while the shared region in

the center corresponds to the multivariate mutual information I(X; Y ; Z).

which can be either positive or negative depending on how the dependencies among vari-

ables combine. A positive value indicates redundancy, meaning that the three variables

share overlapping information (e.g., knowing Z explains part of what X and Y share). A

negative value indicates synergy, where the joint knowledge of X and Y provides more in-

formation about Z than either variable alone. This property makes interaction information

a non-intuitive but powerful extension of pairwise mutual information.

CMI could be useful in sequential decision-making contexts, where one often seeks to

measure dependencies between variables while accounting for prior knowledge|such as past

actions or observations. In the context of empowerment, CMI can be used to evaluate the

in
uence of actions on future states while conditioning on the current state|thus enabling

temporally extended notions of controllability and agency. CMI will also play a role in

the later formalisation of object empowerment and its decomposition across environmental

components.
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3.2.5 Channel Capacity and Communication Channels

In information theory, a communication channel refers to a probabilistic mapping from

an input variable X to an output variable Y [130]. Formally, a channel is de�ned by a

conditional probability distribution p(y j x), which speci�es the probability that an input

symbol x 2 X produces an output symbol y 2 Y. This formulation encompasses both

deterministic channels (where p(y j x) is a delta function) and stochastic channels with

noise.

The channel capacity is the maximum information rate, which is the maximum amount

of information (in bits) that can be transmitted per channel use, at which messages can be

communicated reliably over such a channel. Mathematically, it is de�ned as the maximum

mutual information between the input and output over all possible input distributions p(x):

C = max
p(x)

I(X; Y ) (3.2.6)

In this classical framework, a sender encodes a message into input symbols x 2 X , which

are transmitted through a channel that introduces probabilistic noise according to p(yjx).

The receiver observes the corresponding outputs y 2 Y. The term \reliably" indicates that

information can be transmitted with an arbitrarily low probability of error, provided that

the transmission rate does not exceed the channel capacity. This value, measured in bits

per transmission, represents the theoretical upper bound on how much information can

be communicated without error, assuming optimal encoding and decoding strategies (see

[130] for more details).

Types of Channels: Communication theory categorizes channels into several types,

based on their structural and noise properties:

ˆ Deterministic Channels: Each input symbol maps to a unique output symbol;

there is no randomness in the transmission. These channels have capacity equal to

the entropy of the output.

ˆ Noisy Channels: The output is a probabilistic function of the input (e.g., Binary

Symmetric Channel). These re
ect real-world communication systems with trans-

mission errors.

ˆ Memoryless Channels: The channel transformation p(y j x) is independent across

time steps; the output depends only on the current input and not on past inputs

or outputs. The actuation channel used in empowerment is of this type, since the

environment dynamics P (s0 j s; a) in an MDP depend only on the current state{action

pair and remain stationary over time.
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ˆ Channels with Memory: The output depends not only on the current input but

also on previous inputs/outputs.

These distinctions are particularly relevant when information-theoretic concepts in RL

are expressed in terms of communication channels. For example, the interaction between

an agent and its environment can be interpreted as a noisy, memoryless channel, where the

agent's actions correspond to channel inputs and the resulting states to channel outputs.

The information-theoretic quantities introduced in this section (i.e., entropy, condi-

tional entropy, mutual information, conditional mutual information, and channel capacity)

constitute the mathematical backbone of the empowerment-based frameworks. These mea-

sures not only allow one to quantify uncertainty and dependency but also provide a rigorous

means of formalising agency and control in autonomous agents. The next section develops

this idea in detail and lays the foundation for the de�nition of object empowerment (see

Chapter 4), which models how agents can evaluate and manipulate tools and objects within

their environment.

3.3 Empowerment

Empowerment is an information-theoretic measure that quanti�es the degree of in
uence

an agent can exert on its environment through its actions [1, 10, 97]. It is formalised as

the Shannon channel capacity of the agent's action{perception loop [132], capturing the

maximal information that can 
ow from the agent's actions to its future percepts. This

corresponds to the original formulation of empowerment, where the output of the actuation

channel represents the agent's sensor variables (i.e., future perceptions) rather than the full

environmental state.

3.3.1 The Action{Perception Loop

At the heart of empowerment lies the concept of the action{perception loop, which models

the closed interaction cycle between an agent and its environment. At each time step t,

the agent is in state St 2 S, selects an action At 2 A, the environment transitions to a new

state St+1 , and the agent receives an observation Ot+1 2 O that informs its next action.

From an information-theoretic viewpoint, this loop can be interpreted as a communica-

tion channel, where the agent \sends" information into the environment via its actions, and

\receives" information through its observations. Empowerment then quanti�es the channel

capacity of this loop, i.e., the maximal amount of information the agent can inject into its

future percepts via its choice of actions. This formalisation highlights empowerment as
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Figure 3.5: Causal Bayesian network illustrating the action-perception loop over multiple

time steps. Each action At in
uences the next environment state St+1 , which generates

observation Ot+1 for the agent. The loop continues recursively, enabling the agent to

iteratively interact with and in
uence its environment.

a measure of the agent's potential control over its future sensorimotor experience across

multiple time steps [10, 97].

To illustrate this loop visually, Figure 3.5 depicts the agent{environment interaction

as a Causal Bayesian network [133]. Each action At in
uences the next state St+1 , which

determines the observation Ot+1 , closing the loop as the agent selects At+1 based on current

percepts. This causal framing will later facilitate the de�nition of the h-step actuation

channel used in empowerment.

Let at 2 A denote a single action at time t, and let at:t+h�1 = (a t ; at+1 ; : : : ; at+h�1 ) 2

A h denote an action sequence of length h. In empowerment, such sequences are regarded

as random variables Ah
t , representing all possible futures the agent could generate from a

given starting state. Importantly, empowerment considers what the agent could do, not

what it will do.

To formalise the h-step action{perception channel, the probability distribution over

observations induced by the execution of action sequences from an initial state is considered.

Let P (O j S) be the observation model, describing the probability of perceiving o given

that the true state is s. The induced h-step channel is then given by the conditional

distribution:

P (Ot+h j A h
t = a t:t+h�1 ; St = s):

This triple (A h
t ; P (Ot+h j A h

t ; St = s); O t+h ) de�nes the h-step actuation channel, with

input A h
t , output O t+h , and channel kernel P (Ot+h j A h

t ; St = s).

Empowerment at state s with horizon h is the Shannon capacity of this channel:

Eh(s) = max
P (a t:t+h�1 js)

I(O t+h ; Ah
t j St = s) (3.3.1)

It quanti�es, in bits, the maximum amount of information an agent can inject into its future

observations via the selection of action sequences of length h. Intuitively, empowerment

measures how much \freedom of choice" the agent has in shaping its perceptual future.

High empowerment re
ects greater control over what the agent will eventually observe,
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regardless of any speci�c task.

Empowerment is de�ned under an open-loop assumption: the agent selects an entire

action sequence in advance, without adjusting based on intermediate feedback.

3.3.2 Computation of Empowerment in Non-Deterministic Environments

To compute empowerment, the mutual information maximisation problem in Equation 3.3.1

must be solved. A widely used method for this purpose is the Blahut{Arimoto (BA) algo-

rithm [134, 135], an iterative algorithm originally developed to compute channel capacity

in information theory. The formulation and equations presented in this section closely

follow the approach of Jung et al. [95], where the BA algorithm has been adapted for

empowerment computation in stochastic control systems.

The BA algorithm iteratively estimates the optimal input distribution over action se-

quences, denoted P (Aht j s), which maximizes the mutual information between these se-

quences and the resulting future observations, conditioned on the current state s. This

formulation computes the empowerment value by treating the action-perception loop as a

communication channel and optimizing its channel capacity.

Suppose the set of action sequences of length h is �nite and denoted Ah = fa (1)
t:t+h�1 ; : : : ; a(n)

t:t+h�1 g,

and let s 2 S be the current state of the environment. The goal is to compute the mutual

information between Ah
t and Ot+h , given St = s.

Let pk (A h
t ) denote the input distribution over action sequences at iteration k. Strictly

speaking, this distribution depends on the current state s (i.e., pk (A h
t j s)), but we omit the

explicit conditioning on s for notational clarity since s is �xed throughout the computation.

It is given as:

pk (A h
t ) �

�
p(1)

k ; : : : ; p(n)
k

�
with p (v)

k = Pr(A h
t = a (v)

t:t+h�1 )

De�ne the conditional distribution over future observations as p(o j s; a(v)
t:t+h�1 ) for each

action sequence a(v)
t:t+h�1 . Then, for each a(v)

t:t+h�1 2 A h , the algorithm computes:

dv;k :=
Z

O
p(o j s; a(v)

t:t+h�1 ) log

"
p(o j s; a(v)

t:t+h�1 )
P n

i=1 p(o j s; a(i)
t:t+h�1 ) � p(i)

k

#

do (3.3.2)

For discrete observation spaces, this simpli�es to:

dv;k :=
X

o2O

p(o j s; a(v)
t:t+h�1 ) log

"
p(o j s; a(v)

t:t+h�1 )
P n

i=1 p(o j s; a(i)
t:t+h�1 ) � p(i)

k

#

(3.3.3)
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These divergence terms dv;k are associated with each action sequence a(v)
t:t+h�1 . Speci�-

cally, each dv;k is a KL divergence between the outcome distribution conditioned on choos-

ing a(v)
t:t+h�1 and the expected outcome distribution under the current input distribution p k .

Intuitively, a larger d v;k indicates that the action sequence leads to more distinguishable

or informative future observations, given the current estimate of how likely each action

sequence is to be executed. They are then used to update the input distribution:

p(v)
k :=

1
zk

p(v)
k�1 exp(dv;k ) (3.3.4)

where the normalization constant is:

zk :=
nX

v=1

p(v)
k�1 exp(dv;k ) (3.3.5)

After a �xed number of iterations leading to convergence, the empowerment estimate

is:

Ek (s) =
nX

v=1

p(v)
k � dv;k (3.3.6)



CHAPTER 3. THEORETICAL AND TECHNICAL BACKGROUND 51

Algorithm 3 BA Algorithm for Empowerment [95]

Require: Transition model p(o j s; a (v)
t:t+h�1 ), set of action sequences of length h:

fa (1)
t:t+h�1 ; : : : ; a(n)

t:t+h�1 g, initial state s, threshold �, maximum iterations K max

Ensure: Estimated empowerment E(s)

1: Initialize input distribution: p 0(a(v)
t:t+h�1 )  1

n for all v = 1; : : : ; n

2: k  0

3: repeat

4: for each v = 1 to n do

5: Compute:

dv;k  
X

o2O

p(o j s; a(v)
t:t+h�1 ) log

p(o j s; a(v)
t:t+h�1 )

P n
i=1 p(o j s; a(i)

t:t+h�1 ) � pk (a(i)
t:t+h�1 )

6: end for

7: Compute normalization constant:

zk  
nX

v=1

pk (a(v)
t:t+h�1 ) � exp(dv;k )

8: for each v = 1 to n do

9: Update input distribution:

pk+1 (a(v)
t:t+h�1 )  

1
zk

� pk (a(v)
t:t+h�1 ) � exp(dv;k )

10: end for

11: Estimate empowerment:

Ek+1 (s)  
nX

v=1

pk+1 (a(v)
t:t+h�1 ) � dv;k

12: k  k + 1

13: until jE k (s) � E k�1 (s)j < � or k � K max

14: return E k (s)

Algorithm 3 outlines the full BA procedure for empowerment computation in environments

with discrete and �nite action and observation spaces. It operates iteratively, alternating

between computing the per-action information contributions dv;k and updating the input

distribution p k (a(v)
t:t+h�1 ). At each step, the algorithm re�nes the estimate of the opti-

mal action distribution that maximizes mutual information between actions and future

percepts.

The core iterative procedure of the BA algorithm can be summarised as follows:
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ˆ Compute the divergence term dv;k for each action sequence a(v)
t:t+h�1 , representing its

contribution to mutual information under the current input distribution.

ˆ Update the input distribution p k (a(v)
t:t+h�1 ) using these divergences and a normalising

constant zk .

ˆ Estimate the empowerment at iteration k as the expected divergence under the up-

dated distribution.

The process repeats until convergence, i.e., when the change in empowerment estimate is

smaller than a pre-de�ned threshold �, or a maximum number of iterations K max is reached.

Practical Considerations: The BA algorithm provides a principled framework to esti-

mate empowerment in stochastic and partially observable settings. However, its computa-

tional demands grow rapidly with the size of the action space (which scales exponentially

with the horizon h) and the observation space. This is because, at each iteration, the agent

must evaluate the full conditional probability distribution p(o j s; a (v)
t:t+h�1 ) for every action

sequence and recompute the input distribution via repeated updates over all sequences (as

seen in Equations 3.3.3 and 3.3.4).1

In practice, some approximation strategies are used to alleviate this computational

burden:

ˆ Monte Carlo Estimation: When the observation or action spaces are continuous

or extremely large, empirical sampling can be used to approximate the conditional

distributions and mutual information terms [96].

ˆ Variational Approaches: Recent work has introduced neural variational bounds to

approximate empowerment, bypassing the need to enumerate all action sequences

explicitly [89, 136].

These approximations trade o� accuracy for tractability and can introduce estimation

bias, particularly in environments with high-dimensional state or observation spaces or in

the presence of signi�cant stochasticity. The extent of this bias depends on the choice of

approximation method and the structure of the underlying dynamics.

3.3.3 Computation of Empowerment in Deterministic Environments

In deterministic, fully observable environments, where transitions and observations are not

stochastic, the empowerment formulation simpli�es signi�cantly. Each action sequence

1See [95] for a detailed complexity discussion.
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maps to a unique outcome. Let Oh(s) be the set of unique observations reachable from

state s by executing all h-step action sequences. Then empowerment reduces to:

Eh(s) = log 2 jOh(s)j (3.3.7)

Here, j � j denotes cardinality. This expression counts the number of distinct outcomes

the agent can reach within h steps, providing a direct measure of future diversity.

In fully observable domains where O = S, the observation model is the identity, and

empowerment becomes:

Eh
S(s) = log 2 jSh(s)j (3.3.8)

where Sh(s) is the set of distinct states reachable from s via h-step action sequences.

To visualize how empowerment varies spatially and across horizons, the canonical grid-

world setup by Klyubin et al. [1] is reproduced (see Figure 3.6). This 10�10 grid allows the

agent to move in four directions or remain stationary. Some adjacent cells are separated

by walls (white colour lines), restricting movement. Empowerment is computed for each

grid cell based on the number of reachable �nal states encountered after all possible action

sequences of length h have been executed. Figure 3.6 shows the resulting landscapes for

h 2 f1; 2; 5; 10g. Even for relatively short horizons (e.g., h = 2), the essential structure of

the empowerment landscape is apparent: central regions exhibit higher empowerment due

to greater maneuverability, while walls and corners constrain reachable future trajectories

and reduce empowerment. As the horizon increases, the landscape becomes smoother and

more uniform. In the case of in�nite horizon, every state becomes reachable from every

other, resulting in high but uninformative empowerment values that are identical across the

grid. These visualizations exemplify the core intuition behind empowerment: the agent's

potential to in
uence its own future.

3.3.4 Interpretation and Role in Intrinsic Motivation

Empowerment provides a general-purpose, task-independent signal of how much control or

in
uence an agent has in a given state. High empowerment states a�ord the agent a rich set

of distinguishable future observations; low empowerment states o�er limited options or are

dominated by environmental noise. Unlike goal-directed rewards, empowerment requires

no explicit objective. Its maximisation encourages agents to stay in situations where their

actions make a di�erence.

This information-theoretic notion of agency has been used in various intrinsic mo-

tivation frameworks to support exploration, behavioral diversity, and skill acquisition
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(a) 1-step empowerment (b) 2-step empowerment

(c) 5-step empowerment (d) 10-step empowerment

Figure 3.6: Empowerment landscapes in a 10 � 10 grid world for horizons h = 1; 2; 5; 10,

based on the setup introduced by Klyubin et al. [1]. As the planning horizon increases, more

states become reachable from each position, especially in open areas, resulting in higher

empowerment values. Border regions and cells adjacent to walls exhibit lower values due

to limited reachability.

[21, 105, 106, 110]. In this thesis, empowerment serves as the foundation for a novel

extension: object empowerment, which will model how tools alter an agent's control over

speci�c objects in its environment. The next chapter introduces this extension and its

relevance to tool use.



Chapter 4

Object Empowerment

This chapter contributes to the overall aim of the thesis by introducing object empower-

ment as an object-conditioned extension of classical empowerment. In doing so, it directly

addresses research question RQ1, which asks how empowerment can be reformulated to

explicitly capture the agent's in
uence over manipulable objects. Parts of the formulation

and illustrative results presented in this chapter are based on publication C1. The the-

sis extends this work by presenting the concept in a broader theoretical context and by

providing additional analysis of object-speci�c controllability.

Traditional formulations of empowerment measure the degree of in
uence an agent

has over its entire state space, as perceived through its sensors. While this perspective

captures a general sense of agency, it often fails to account for the structured and com-

positional nature of real-world environments. In many practical scenarios, agents operate

in environments composed of multiple discrete objects or entities, and the extent of their

in
uence depends on what their sensory channels can observe or a�ect. For example, an

agent may be equipped with a tool that allows it to a�ect only a particular subset of the

environment, while the rest remains unchanged or out of reach.

This observation motivates the need for a more focused measure of agency, one that

evaluates an agent's potential to in
uence speci�c elements within its environment. To

address this, the concept of Object Empowerment is introduced. Object empowerment

quanti�es the agent's capacity to control or a�ect a particular object (or class of objects)

over a given planning horizon, independent of the rest of the state space. Rather than

measuring how many distinct future states are reachable, it instead measures how many

distinct future states of a target object the agent can induce reliably through its actions.

This object-centric view of empowerment enables a more nuanced understanding of the

agent's interactions with objects in structured environments. It is particularly relevant

for a formalisation of the use of tools, which selectively in
uence only certain parts of the

55
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world. By isolating the controllability of individual objects, object empowerment provides

an interpretable, intrinsic signal that can guide exploration and decision-making in tasks

where an agent needs to interact with them.

The remainder of this chapter formalises the concept of object empowerment, and

presents illustrative landscapes that reveal how the agent's object-speci�c in
uence varies

spatially and temporally within an environment.

4.1 Formalism

4.1.1 State space

In all environments considered here there is an agent with state SA (e.g., position or pose),

one or more objects with states SO (e.g., location, color, intact/destroyed), and tools with

states ST (e.g., equipped/unequipped, orientation, charge). Tools represent a special class

of objects the agent can equip and use to change the state of other objects in ways that

may be impossible otherwise (e.g., a key opens a door; a hammer drives a nail; a pickaxe

breaks a boulder). Not all tools can a�ect all objects, and two tools that a�ect the same

object may do so via di�erent dynamics. For simplicity, a setting with one agent, one tool,

and one target object is considered here. The extension to multiple tools and objects is

discussed later in Chapter 6.

Following the formulation introduced above, a speci�c type of action{perception loop

(S; O; A; P ) is de�ned for object empowerment. Conceptually, this loop is similar to a

Partially Observable Markov Decision Process (POMDP). However, there is an important

di�erence: although a sensor (observation) is introduced to de�ne empowerment, the un-

derlying task itself remains fully observable to the agent. In other words, the agent always

knows its complete state for control and planning. Partial observability is used here only to

de�ne the empowerment channel through an object-focused sensor, not to limit the agent's

knowledge of the environment.

Object empowerment is now formalised as a variant of empowerment that quanti�es an

agent's potential to in
uence a target object's state. Let the full environment state space

S be decomposed as:

S = S A � S T � S O � S W (4.1.1)

ˆ S A: state space of the agent (e.g., its location in the environment).

ˆ S T : state space of tools, if present (e.g., its position or whether it is equipped by the

agent).

ˆ S O: state space of the object of interest (e.g., its location or condition).
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ˆ S W : other static components of the environment, such as walls or goal positions.

An object sensor is de�ned that observes only the object-related component of object

O of the global state. The observation space of the object sensor for object O is de�ned

as OO = S O. The observation model is then given by:

P (ô j s) := � ô;sO ; (4.1.2)

where � denotes the Kronecker delta function, which equals 1 when the observation ô

matches the object state sO, and 0 otherwise. The term \object empowerment" is used to

denote the empowerment of the actuation channel that employs the object sensor.

4.1.2 Action Space

Among all the actions in A that an agent can perform, the subsets of actions executed

while using a tool T are de�ned. The following subsets of A are distinguished:

ˆ A A � A: actions executed directly by the agent, independently of tools.

ˆ A T � A: actions corresponding to the use of a tool T.

ˆ A AT := A A [ A T : the combined set of agent actions and those speci�c to tool T.

For instance, in a navigation task, AA may include the action \north", while A T could

contain \chop" once the agent equips a tool (e.g., an axe). Otherwise, when the tool is not

equipped, executing actions from AT produces no e�ect on the environment. For simplicity

of notation, A AT is denoted as AT in the following.

4.1.3 Transition Dynamics

The environment evolves according to the transition model P (s0 j s; a), which de�nes the

probability of reaching a future state s0 after taking an action a in the current state s.

These transitions depend on the agent's motion, the tool's state, and their interactions

with the object.

In general, three types of transitions can be distinguished:

ˆ Agent transitions: those that change the agent's own state S A, such as movement

or navigation actions (e.g., moving north or south).

ˆ Tool transitions: those that modify the tool's state S T , such as picking up, un-

equipping , or rotating a tool.
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ˆ Tool{object interactions: those that result from using an equipped tool on an

object, changing the object's state SO (e.g., chopping a tree or breaking a boulder).

For the purpose of de�ning empowerment, the transition probability distributions as-

sociated with the two actuation channels introduced in Sections 4.1.4 and 4.1.5 are con-

sidered. The �rst describes transitions produced by the agent's own actions, while the

second represents transitions that occur when the agent acts through an equipped tool.

Other transitions, such as those that change the tool's equipped status or reposition it in

the environment, are part of the general transition model P (s0 j s; a) but are not explicitly

formalised here.

4.1.4 Agent's Object Empowerment

Using the state, action, observation, and transition components de�ned above, the agent's

object empowerment is de�ned as the channel capacity between the agent's action sequences

and the resulting object state observed after h steps. Formally, the actuation channel

consists of the triple (AA
t

h
; P (OO

t+h jA A
t

h
; St = s); O O

t+h ), with the input being the h-step

agent action sequence and the output being the object state perceived after h steps. Its

empowerment is de�ned as:

Eh
AO (s) := max

P (aA h )
I

�
A Ah

t ; OO
t+h j St = s

�
(4.1.3)

This empowerment value, measured in bits, represents how much information the

agent's actions can transmit to the object's future state. In simple terms, it indicates

how many distinct object outcomes the agent can reliably produce through its actions over

the h-step horizon.

4.1.5 Tool's Object Empowerment

Similarly, tool-object empowerment measures the potential in
uence of the tool's actuation

on the object. In this case, the actuation channel is described by the triple (AT
t

h
; P (OO

t+h jA T
t

h
; St =

s); OO
t+h ), where the input consists of h-step sequences of tool actions. Its empowerment is

formally de�ned as:

Eh
TO (s) := max

P (aT h )
I

�
A Th

t ; OO
t+h j St = s

�
(4.1.4)

This empowerment value, measured in bits, quanti�es how much information the tool's

actions can transmit to the object's future state. In simple terms, it indicates how many

distinct object outcomes the tool can reliably produce when used by the agent over the

h-step horizon.
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The prior assumption, which posits that the agent must be capable of interacting with

the object when using the tool, can be formalized by the condition EhTO > 0. Furthermore,

Eh
TO can be used to quantify how much the tool is e�ective in in
uencing the state of the

object. In principle, di�erent pairs of tools and objects could be considered and compared

with respect to the magnitude of this quantity. A tool is considered useful when Eh
AO <

Eh
TO ; if this condition does not hold, the tool encumbers the agent with respect to object

manipulation. In other words, when this condition is satis�ed, by using the tool the agent

has more impact on the object than by not using it. Note how these statements can be

expressed both with respect to a single state s 2 S, using the per-state empowerment

values Eh
AO (s) and Eh

TO (s), or in terms of the whole MDP, averaging empowerment over an

uniform distribution of states, yielding average empowerment valueŝEh
AO and Êh

TO .

4.1.6 Object Empowerment in Deterministic Environments

In deterministic environments, where a given action sequence from a speci�c state always

leads to a single outcome, object empowerment simpli�es to counting the number of dis-

tinct object states that can be reached after h steps. This makes empowerment a purely

combinatorial quantity, avoiding the need for probabilistic modeling.

Given an initial state s 2 S, the deterministic agent-object empowerment is de�ned as:

Eh
AO (s) := log 2

�
�
�
n

oO
�
�
� oO = T h

O(s; aAh
); aAh

2 A Ah
o�

�
� (4.1.5)

where Th
O(s; aAh

) is the deterministic transition function that returns the observed state

oO of the object O given that the agent executes the action sequence AA
h

in state s, and

A Ah
denotes all possible h-step agent action sequences.

Similarly, the deterministic tool-object empowerment is given by:

Eh
TO (s) := log 2

�
�
�
n

oO
�
�
� oO = T Oh

(s; aTh
); aTh

2 A Th
o�

�
� (4.1.6)

where ATh
represents all h-step tool-related action sequences.

These deterministic formulations provide an intuitive interpretation of object empow-

erment: they quantify how many distinct ways the agent, either directly or through a tool,

can alter the object's state over a planning horizon of h steps.

The empowerment values introduced so far describe an agent's, either directly or

through a tool, potential in
uence from a speci�c state. However, for comparing enti-

ties across an entire environment, it is useful to consider their average in
uence over all

states, as described next.
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4.1.7 State-Average Object Empowerment

While object empowerment is de�ned for each state individually, it is often useful to com-

pute its average across all valid states of the environment. This state-average object em-

powerment provides a scalar summary of the overall in
uence that an agent or a tool can

exert on the object:

Êh
XO =

1
jSj

X

s2S

Eh
XO (s); (4.1.7)

where X 2 fA; Tg denotes either the agent or a speci�c tool, and jSj is the total number

of reachable states. This measure captures the average controllability of an object over the

entire state space, enabling a compact comparison between entities, such as the agent and

multiple tools, without focusing on local spatial di�erences.

4.2 Agent{Object Interaction Environment

The analysis of object empowerment begins with the most minimal and controlled setting:

a two-dimensional grid world containing only an agent and an object. This simpli�ed en-

vironment removes any auxiliary elements such as tools, or stochastic dynamics, allowing

us to isolate the direct in
uence the agent can exert on the object through its own actions.

By studying this case �rst, a baseline is established for interpreting empowerment values

in more complex scenarios introduced later. The deterministic nature of the environment

ensures that changes in entity states arise solely from the agent's deliberate actions, al-

lowing empowerment values to be interpreted without the confounding e�ects of stochastic

transitions. Immediately following the environment description, the corresponding empow-

erment landscapes are presented to illustrate how the agent's capacity to a�ect the object

varies across the grid.

The grid size used in this chapter is 10 � 10, which provides a balance between analyt-

ical clarity and spatial expressiveness. A smaller grid would restrict the range of possible

spatial relationships between entities in the environment, limiting the variability of em-

powerment values and making it di�cult to observe meaningful gradients in the resulting

landscapes. Conversely, substantially larger grids would increase the state space without

adding conceptual insight while signi�cantly increasing the computational cost of multi-

step empowerment calculations. The 10�10 con�guration therefore o�ers a su�ciently rich

spatial structure for analysing empowerment while remaining computationally tractable

for systematic evaluation. This choice is also consistent with early empowerment studies,

which used a 10 � 10 grid world to analyse agent in
uence and controllability in discrete

environments [1].



CHAPTER 4. OBJECT EMPOWERMENT 61

4.2.1 Environment Description

The environment is a 10 � 10 grid world composed of two entities: an agent whose states

are denoted by sA 2 W and represented as a red robot in Figure 4.1, and an object whose

states are denoted by sO 2 W and depicted as a black box. Here, W denotes the set of all

valid grid cells in the world. Each entity occupies a unique cell, and no two entities can

occupy the same position simultaneously. The boundaries of the grid world are impassable

for both the agent and the object.

The state space of the environment is de�ned as

S = S A � S O;

where SA and SO correspond to all possible positions of the agent and the object, respec-

tively. The available action set for the agent is

A A = f" A ; ! A ; #A ;  A g;

representing one-cell movements in the cardinal directions of north, east, south, and west,

respectively. If the target cell in the chosen direction is within bounds and unoccupied, the

agent moves into that cell; otherwise, the state remains unchanged.

The object is modeled as a movable entity that responds to pushes by the agent. If

the agent is adjacent to the object (i.e., dM (sA; sO) = 1, where dM denotes the Manhattan

distance) and attempts to move towards it, the object is pushed one cell in the same

direction|provided that its destination cell is within bounds and unoccupied. If the push

is obstructed by the grid boundary, the action has no e�ect, and no transition occurs.

Figure 4.1: Agent{object grid world setup. The agent (red robot) can move freely within

the grid boundaries, while the object (black box) can be pushed by the agent through its

direct movement actions.
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All transitions in this grid world are deterministic; given a state and an action, the next

state is uniquely de�ned.

4.2.2 Movable vs Non-Movable Objects

Object empowerment is �rst compared in two variants of the agent{object grid world: one

where the object is movable and one where it is �xed in place. This contrast highlights

how an object's inherent mobility directly determines the agent's potential in
uence over

it.

In the movable case, the object behaves as described in Section 4.2.1: it can be pushed

by the agent into adjacent free cells within the grid boundaries. In the non-movable case,

the object's position is �xed for the entire episode, and no agent action can alter its location.

For the movable object, Figure 4.2 shows the agent{object empowerment EhAO land-

scapes for di�erent horizons h 2 f1; 2; 5; 10g. Each cell in the landscapes represents the

value of object empowerment corresponding to the agent being in that particular state. At

h = 1, non-zero empowerment is con�ned to positions immediately adjacent to the object,

where a single push is possible. In these cells, the maximum empowerment value is 1 bit, as

indicated by the color bar in the �gure. This corresponds to two possible object locations

resulting from the agent's action: the object remaining in its original position if the agent

moves without interaction, or being displaced by one cell when pushed. Empowerment is

zero bits in all other cells, where the agent cannot interact with the object and thus cannot

change its state. As h increases, regions of high empowerment expand outward from the

location of the box, re
ecting the agent's ability to reach and manipulate the object from

greater distances within the allowed number of steps. Moreover, when the agent is close

to the object, a longer planning horizon enables it to move the box to a greater number of

possible future positions, thereby increasing the empowerment values in the surrounding

interaction region.

In contrast, the empowerment landscape for a non-movable object is identically zero

across all states and horizons, as no sequence of actions can alter the object's position.

Since this behaviour is invariant to the horizon, only the case for h = 1 is shown in

Figure 4.3; the same landscape would be obtained for any h � 1. This serves as a baseline,

illustrating that when an object is not physically manipulable, its empowerment is trivially

null regardless of the agent's capabilities.
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(a) h = 1 (b) h = 2

(c) h = 5 (d) h = 10

Figure 4.2: Agent{object empowerment landscapes for a movable object placed at the grid

center (i.e., (4; 4)), computed for varying horizons. Longer horizons allow the agent to

a�ect the object from a larger portion of the grid and in a greater number of possible ways,

especially when the agent is closer to the object.
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Figure 4.3: Agent{object empowerment landscape for a non-movable object �xed at (4; 4),

shown for h = 1. The same landscape occurs for any h � 1.

4.3 Agent{Tool{Object Interaction Environment

The basic agent{object scenario is now extended by introducing a tool into the grid world.

This addition enables investigation of how the presence of manipulable intermediary entities

a�ects object empowerment, both when the agent interacts directly with the object and

when it does so through tool use. By considering di�erent types of tools, each with distinct

interaction dynamics, a broader range of tool{object relationships can be captured and

their impact on the agent's ability to in
uence the object can be quanti�ed.

4.3.1 Environment Description

Two variants of a 10 � 10 deterministic grid world (Figures 4.4a and 4.4b) are considered,

containing three entities: an agent (depicted as a red robot), a tool (shown as either a

broom or a picker), and an object (a can). Also in this case, each entity occupies a unique

grid cell at all times, and no two entities may share the same cell. The grid is bounded,

and none of the entities can move outside its limits. All transitions are deterministic: given

a state and an action, the next state is uniquely de�ned.

The environment state s 2 S is represented as a tuple (sA; sT ; sO), where sA 2 W, s T 2

W, and sO 2 W denote the positions of the agent, the tool, and the object, respectively.

Here W is the set of all valid grid cells.

The action set is A = A A [ A T , where:
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(a) Grid world with broom tool. (b) Grid world with picker tool.

Figure 4.4: Two grid-world con�gurations, each with an agent (robot), an object (can),

and a di�erent type of tool (a broom or a picker).

Figure 4.5: Relative tool movements using AT actions.

ˆ A A = f" A ; ! A ; #A ;  A g moves the agent's body by one cell in a cardinal direction.

ˆ A T = f" T ; ! T ; #T ;  T g repositions the equipped tool relative to the agent (Fig-

ure 4.5).

A tool becomes equipped when it is in a cell adjacent to the agent (dM (sT ; sA) = 1).

Pickup occurs automatically and persists thereafter; once equipped, the tool stays with

the agent, moving along with it during navigation actions. Tool-speci�c actions from A T

can then be used to change the tool's state or interact with objects. When the tool is

not equipped, these tool actions have no e�ect. The agent may in
uence the object either

directly (by pushing it with its movement actions) or indirectly through an equipped tool.

The example transitions of both tools are given in Figure 4.6. This con�guration

supports the computation of both agent{object empowerment (direct manipulation) and
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tool{object empowerment (manipulation through an equipped tool). Comparing the result-

ing landscapes reveals how di�erent tool dynamics shape the agent's capacity to in
uence

the object.

Two distinct tool{object interaction models are considered:

ˆ Broom: This tool allows the agent to in
uence the object at short range when the

tool's tip is aligned and adjacent to the object (i.e., when dM (sT ; sO) = 1 along the

same row or column). When the agent pushes in the direction of the object, the

broom extends the agent's e�ective body and causes the object to slide by one cell

in that direction. However, the broom's e�ect is not persistent | if the agent moves

away, the object remains in its current cell. The broom can be reoriented using AT

actions, allowing the agent to interact with the object from di�erent directions. This

tool provides the agent with a limited extension of reach and enables side pushing

that would otherwise be impossible using only body movements.

ˆ Picker: The picker enables persistent coupling with the object. When the equipped

tool is aligned and adjacent to the object (dM (sT ; sO) = 1), the object becomes

\attached" to the picker. Once attached, if the agent moves using AA, it carries both

the tool and the object with it. Similarly, when the agent executes a rotation action

from A T , both the tool and the attached object rotate together around the agent's

position. In this way, the picker allows the agent to transport the object quickly and

directly across the grid, requiring fewer steps than pushing it with its body or with

the broom.

These two interaction models di�er signi�cantly in their dynamics and, consequently,

in the empowerment values they produce. The broom extends the agent's range of in
u-

ence but requires constant re-alignment for each interaction, leading to relatively low and

localised empowerment values. In contrast, the picker's \sticky" dynamics allow the agent

to move the object more directly and e�ciently once attached, resulting in higher empow-

erment values and a broader spatial distribution of controllability. Both tools, however,

increase the agent's in
uence over the object compared to using body (movements) actions

alone.

4.3.2 Broom Tool: Proximal vs Distant Object Landscapes

This subsection investigates the e�ect of tool{object proximity on object empowerment

using the broom tool. Two con�gurations are considered: (i ) the broom placed directly

adjacent to the object (proximal case), and (ii ) the broom placed several grid cells away

from the object (distant case), as shown in Figure 4.4a. For each con�guration, the object
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empowerment landscapes are computed for di�erent horizons h, allowing us to examine

how empowerment values propagate through the grid world. Each cell in the landscape

represents the value of object empowerment corresponding to the agent being in that

particular state. Cells adjacent to the tool indicate positions from which the agent can

equip and use the broom to in
uence the object.

When the broom is positioned adjacent to the object, the 1-step object empowerment

landscape (Figure 4.7a) shows that empowerment values are uniform and maximal (1:0 bits)

in all cells adjacent to the object and broom positions. This indicates that the agent can

now also use the broom to move the object to an additional possible location beyond its

original one when the tool is equipped. In other words, the broom extends the agent's

ability to in
uence the object, allowing one extra reachable outcome compared to using

body movements alone. This also indicates that the agent has an equal capacity to in
uence

the object regardless of whether it is adjacent to the broom (i.e., has equipped the broom)

or to the object itself (i.e., has not equipped the broom).

As the horizon increases to h = 2 (Figure 4.8a), empowerment values begin to spread

outward while remaining highest near the object (i.e., 2:0 bits). At this horizon, it is ob-

served that the agent can in
uence the object more e�ectively through its direct movement

actions AA compared to positions where it must rely on both movement and tool actions

(A A and AT). In other words, empowerment values are higher in cells where the agent can

directly interact with the object than in those where it must �rst use the broom to do so. A

similar pattern persists as the planning horizon increases, although the region of non-zero

empowerment gradually expands. By h = 5 (Figure 4.9a), empowerment exhibits a broader

spatial distribution, yet the peak values remain concentrated around the object's location,

reaching more than 4:0 bits. The same overall trend is observed at h = 8 (Figure 4.10a),

where the maximal values reach 6:0 bits next to the object.

When the broom is placed far from the object, the 1-step landscape (Figure 4.7b)

shows high empowerment (i.e., 1:0 bits) only in cells adjacent to the object due only to

the agent interaction with the can. The broom's location in this con�guration has no

immediate impact on the empowerment values because the agent cannot a�ect the object

in a single step by using the broom because this is too far to allow an interaction with

the can in one step. At h = 2 (Figure 4.8b), the object can still only be in
uenced

through the agent's movement actions AA, since the broom remains too far to contribute.

The resulting empowerment values are symmetric around the object, with a maximum

of 2:0 bits. By h = 5 (Figure 4.9b), empowerment spreads more broadly across the grid;

however, the peak values (4:0 bits) continue to cluster near the object rather than around

the broom's position. At this horizon, the agent begins to partially a�ect the object through

limited use of the broom, with local maxima near the broom reaching about 2:6 bits. This
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trend continues for h = 8 (Figure 4.10b), where the overall in
uence region expands, but

the highest empowerment values (6:0 bits) remain concentrated near the object, and the

maximal values close to the broom rise to approximately 5:0 bits.

For the broom tool, proximity to the object a�ects both the magnitude and the lo-

cation of empowerment peaks, particularly at short horizons. At h = 1, the maximal

empowerment values (1:0 bit) are identical in the proximal and distant cases, but their

spatial locations di�er|being centred near the broom in the proximal setup and around

the object in the distant one. At higher horizons (h = 5 and h = 8), empowerment extends

over a larger spatial region, and the two sources of in
uence, the agent's direct interaction

with the object and the potential interaction through the broom, begin to overlap. How-

ever, when the broom is far from the object, all observed empowerment values arise solely

from the agent's direct interaction with the object, since the broom cannot yet a�ect it. As

the horizon increases, this distinction becomes blurred because the agent may eventually

reach the broom, equip it, and use it within the same planning window. Overall, these

results con�rm that the broom's in
uence is local, it only increases empowerment when the

object lies within its immediate range. Such locality is consistent with its physical nature

and contrasts with tools that exert in
uence from a distance, which are further discussed

in Chapter 7.1.2.

4.3.3 Picker Tool: Proximal vs Distant Object Landscapes

This subsection investigates the e�ect of tool-object proximity on object empowerment

using the picker tool. The two con�gurations are the same as before: (i ) the picker placed

directly adjacent to the object (proximal case), and (ii ) the picker placed several grid cells

away from the object (distant case), like in Figure 4.4b. For each con�guration, the object

empowerment landscapes are computed for di�erent horizons h, revealing how the in
uence

of the picker di�ers from that of the broom tool.

When the picker is positioned adjacent to the object, the 1-step object empowerment

landscape (Figure 4.11a) reveals a distinct asymmetry compared to the broom. Cells next

to the picker exhibit a higher empowerment value (3:0 bits), while cells on the opposite

side of the object have lower values (1:0 bits). This higher value arises from the picker's

persistent coupling dynamics: once the tool is equipped and aligned with the object, the

object becomes attached to it. From this con�guration, the agent can move the object in

four di�erent ways through its movement actions A A and in four additional ways through

its rotation actions A T , resulting in eight possible next object states. The corresponding

information content, log2(8) = 3:0 bits, quanti�es the agent's expanded ability to a�ect

the object when using the picker. This indicates that equipping the picker o�ers a greater

immediate capacity to a�ect the object than interacting with it through the agent's own
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actions without using the tool.

At h = 2 (Figure 4.12a), high empowerment remains concentrated near the picker, with

peak values around 4:5 bits, while the opposite side of the object continues to show lower

values. By h = 5 (Figure 4.13a), the high-value region around the picker expands further,

with peak values reaching 6:0 bits. At h = 8 (Figure 4.14a), the empowerment distribution

becomes even broader, but the highest values (about 6:5 bits) still occur in proximity to the

picker rather than the object. This is because, in these regions, the agent can combine both

its movement actions AA and tool actions AT to in
uence the object, whereas positions

closer to the object but farther from the picker rely mainly on the agent's actions AA alone.

When the picker is placed far from the object, the 1-step landscape (Figure 4.11b)

resembles that of the broom: high empowerment (1:0 bit) is found only in the cells adjacent

to the object because the tools are too far to interact with it. In this con�guration, the

observed empowerment values result solely from the agent's actions, as neither tool can

in
uence the can at such distance. At h = 2 (Figure 4.12b), the object can still be

in
uenced only through the agent's movement actions AA, since the picker remains too far

to contribute. The resulting empowerment values are symmetric around the object, with

a maximum of 2:0 bits, similar to the broom case.

However, unlike the broom, at h = 5 (Figure 4.13b) a notable shift is observed: the

region around the picker now reaches values of about 5:0 bits, comparable to the immediate

surroundings of the object (4:0 bits). This shift occurs because, with a longer horizon, the

agent has enough steps to move while carrying the picker, reach the object, and interact

with it. The increase is notable since the picker enables more direct and e�cient manip-

ulation of the object, allowing it to be moved in more ways and in fewer steps than with

the broom. This trend becomes even more evident at h = 8 (Figure 4.14b), where the area

near the picker holds the highest empowerment values (6:3 bits), surpassing those around

the object.

For the picker tool, proximity a�ects both the extent and the location of peak empower-

ment values as the horizon increases. When the picker is close to the object, empowerment

values are high and concentrated around their interaction area. As the distance increases,

these values initially drop because the agent requires more steps to reach and use the tool

e�ectively. However, for longer horizons, the agent has enough steps to move with the

picker, reach the object, and manipulate it. Unlike the broom, which only exerts a brief,

local in
uence when directly in contact with the object, the picker's stronger and more

persistent dynamics allow its impact to extend further within the same number of steps.

As a result, for su�ciently large horizons, empowerment near the picker's location becomes

more dominant than around the object's location, even when the tool starts farther away.
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(a) Example transitions with the broom tool.

(b) Example transitions with the picker tool.

Figure 4.6: Illustrative tool{object interactions. Blue-bordered cells indicate the agent's

starting position. In both sub�gures, the lower part shows the outcome of a single action,

while the upper part shows the outcome of a sequence of actions. With the picker, the

agent can move the object without changing its own position, whereas with the broom, the

agent must move its body to push the object.
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(a) Proximal (b) Distant

Figure 4.7: Object empowerment landscapes for the broom tool at h = 1 in proximal

(broom at (5; 4)) and distant (broom at (2; 7)) con�gurations. In both cases, the object is

located at (4; 4).

(a) Proximal (b) Distant

Figure 4.8: Object empowerment landscapes for the broom tool at h = 2 in proximal

(broom at (5; 4)) and distant (broom at (2; 7)) con�gurations. In both cases, the object is

located at (4; 4).
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(a) Proximal (b) Distant

Figure 4.9: Object empowerment landscapes for the broom tool at h = 5 in proximal

(broom at (5; 4)) and distant (broom at (2; 7)) con�gurations. In both cases, the object is

located at (4; 4).

(a) Proximal (b) Distant

Figure 4.10: Object empowerment landscapes for the broom tool at h = 8 in proximal

(broom at (5; 4)) and distant (broom at (2; 7)) con�gurations. In both cases, the object is

located at (4; 4).
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(a) Proximal (b) Distant

Figure 4.11: Object empowerment landscapes for the picker tool at h = 1 in proximal

(picker at (5; 4)) and distant (picker at (2; 7)) con�gurations. In both cases, the object is

located at (4; 4).

(a) Proximal (b) Distant

Figure 4.12: Object empowerment landscapes for the picker tool at h = 2 in proximal

(picker at (5; 4)) and distant (picker at (2; 7)) con�gurations. In both cases, the object is

located at (4; 4).
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(a) Proximal (b) Distant

Figure 4.13: Object empowerment landscapes for the picker tool at h = 5 in proximal

(picker at (5; 4)) and distant (picker at (2; 7)) con�gurations. In both cases, the object is

located at (4; 4).

(a) Proximal (b) Distant

Figure 4.14: Object empowerment landscapes for the picker tool at h = 8 in proximal

(picker at (5; 4)) and distant (picker at (2; 7)) con�gurations. In both cases, the object is

located at (4; 4).
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4.4 Agent{Tool{Object Interaction in MiniHack

MiniHack [137] is a RL environment built on top of the classic NetHack game [138]. It

provides a rich, procedurally generated world in which an agent can move, explore, and

interact with various entities such as walls, doors, tools, and objects. Actions include

navigation, tool use, and object manipulation, enabling the study of complex sequential

behaviours such as tool use and goal-directed interaction.

MiniHack o�ers multi-modal observations at each time step: (i) a matrix of glyphs rep-

resenting the visual layout of the environment, (ii) an encoded textual message describing

the most recent in-game event (e.g., \You cut down the tree."), and (iii) a list of inventory

contents representing the tools currently held by the agent. These observations collectively

form the input to the agent's policy and value networks, which will be leveraged later in

the thesis. This section focuses on the computation and analysis of object empowerment

in MiniHack.

4.4.1 Environment Description

The MiniHack environment employed here consists of an agent, an object O (a tree), and

a tool T (an axe), as shown in Figure 4.15. In this setup, the tree is non-movable object

and can be chopped by the agent equipped with the axe.

The environment is a 10 � 10 grid, with each tile corresponding to a glyph in the

observation matrix. The state space S is:

S =
�

sA; sT ; sO
�

where sA 2 W is the agent's grid location, sT 2 W is the tool's position, sO 2 W is the

object's position. In addition, each tool state includes two binary 
ags: an equipped 
ag

indicating whether the tool is currently held by the agent (i.e., stored in the inventory), and

a hidden 
ag denoting whether the tool is visible from the agent's point of view. Similarly,

each object state includes a hidden 
ag, which speci�es whether the object is visible from

the agent's point of view, and a destroyed 
ag, which indicates whether the object has been

destroyed by the agent (e.g., chopped).

The action space A includes:

ˆ Agent movement actions AA (north, south, east, west).

ˆ Tool actions A T , which are only available when the tool is equipped.

Tool actions are based on the MiniHack game mechanics, where the use of a tool involves

three sequential transitions: �rst, the agent decides to use a some tool by executing the
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Figure 4.15: MiniHack environment for object empowerment analysis. The agent (bottom-

right) can pick up the axe and use it to destroy the tree.

\apply" action; then, it selects which tool from its inventory to use via tool identi�er

actions; �nally, it speci�es one of the four cardinal directions in which to apply the tool

(\apply" ! \choose" ! \direction"). For instance, applying an axe to the north may

destroy a tree located in that direction, producing the in-game message \You cut down

the tree.". A tool is equipped automatically when the agent enters the tool's cell (i.e.,

sA = s T), after which it is transferred to the agent's inventory. 1 The grid-world dynamics

T is deterministic, so object empowerment is computed using Equation 4.1.6.

4.4.2 Destroyable vs. Indestructible Interaction Scenarios

In MiniHack, the same object can exhibit di�erent interaction outcomes depending on

whether the agent possesses the appropriate tool. To illustrate this, a single object type is

considered: the tree, which can be either destroyable or e�ectively indestructible depending

on the agent's current capabilities. When the agent equips the correct tool (an axe), the

tree becomes destroyable and can be chopped down through the corresponding tool actions.

In contrast, when the axe is not equipped or absent from the environment, the same tree

behaves as an indestructible object, remaining una�ected by the agent's actions.

These two conditions, with and without the appropriate tool, allow us to analyse how

tool possession changes the agent's potential to in
uence the object. Speci�cally, the result-

ing object empowerment landscapes are compared to examine how the tree's destroyability,

mediated by tool availability, shapes both the spatial distribution and magnitude of object

1Note that equipping in MiniHack environments di�ers from the earlier grid-world setups, where a tool

became equipped when it was in a cell adjacent to the agent (i.e., dM (sT ; sA ) = 1).
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empowerment across the environment.

Destroyable Object: Tool Equipped

When the agent is equipped with the appropriate tool (in this case, the axe), it becomes

capable of destroying the tree. As described earlier, the MiniHack tool-use mechanic re-

quires a minimum of three actions to interact with the object: (1) applying the tool, (2)

selecting the tool from the inventory, and (3) specifying the direction of use. This means

that even if the agent is already adjacent to the tree, at least h = 3 is required for object

empowerment to be non-zero.

Figure 4.16 shows the resulting object empowerment landscapes for horizons h = 3; 4; 5.

In all cases, the maximum empowerment value reaches 1:0 bit at positions from which the

tree can be destroyed within the horizon. This 1:0 bit value corresponds to two distin-

guishable outcome states: destroyed or not destroyed. At h = 3, these positions correspond

exactly to the four cardinal cells adjacent to the tree. As h increases, the set of positions

with non-zero empowerment expands outward from the tree location, re
ecting the agent's

ability to reach one of the adjacent positions before executing the three-step interaction.

It shows that only the spatial extent of empowered states grows with larger horizons.

Destroyable Object: Tool Not Equipped

When the tool is not initially equipped, the agent must �rst navigate to the tool's location

before it can interact with the object. In the current setup, the axe is placed at coordinates

(6; 6), requiring at least �ve Manhattan movement steps to reach a cell adjacent to the

tree's position. Once the axe is equipped, the agent still needs to perform the three-step

interaction sequence described earlier (apply, select tool, select direction) to destroy the

tree. In total, the agent therefore requires a minimum of eight steps before the �rst possible

interaction with the tree.

Figure 4.17 shows the resulting object empowerment landscapes for horizons h =

8; 9; 10. For h < 8, the empowerment landscape remains entirely zero because the agent

cannot both equip the axe and reach the tree within the given horizon. At h = 8, the only

empowered state is the position containing the axe itself, since this is the point where the

agent �rst gains the ability to a�ect the object in subsequent steps. For h = 9 and h = 10,

the set of empowered states begins to expand outward from the axe's location. This pro-

gression re
ects the increasing number of positions from which the agent can eventually

destroy the tree as h grows.

Also, in this case, while the spatial extent of empowered states increases with the

horizon, the magnitude of the maximum value does not change.
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(a) h = 3 (b) h = 4

(c) h = 5

Figure 4.16: Object empowerment landscapes for a destroyable object (tree) when the

agent is equipped with the axe, for horizons h = 3; 4; 5. The tree is located at (3; 3).
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(a) h = 8 (b) h = 9

(c) h = 10

Figure 4.17: Object empowerment landscapes for a destroyable object (tree) when the agent

is not equipped with the axe, which is initially placed at (6; 6), for horizons h = 8; 9; 10.

The tree is located at (3; 3).
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Indestructible Object

An object is indestructible when it cannot be modi�ed or removed under any circumstances

within the environment. For example, a tree becomes indestructible if the agent attempts

to interact with it using any tool other than an appropriate tool (like an axe), or if the

appropriate tool is not present in the environment at all. In such cases, no sequence of

actions, regardless of the horizon, can change the object state.

Consequently, the empowerment values remain zero across the entire state space for

all horizons, as there are no states from which the agent can in
uence the object. This is

illustrated in Figure 4.18, where the empowerment landscape is uniformly zero.

Figure 4.18: Empowerment landscape for an indestructible object (tree) across the grid.

All values are zero, as no action sequence can a�ect the object.

Across the three scenarios: tool equipped, tool not equipped, and indestructible object,

the object empowerment landscapes reveal how the agent's ability to in
uence the object

depends critically on both tool accessibility and object properties. When a tool, which can

modify the state of the object, is equipped, empowered states appear immediately around

the object and expand outward from the tool location with increasing horizons. When

the tool is not equipped, object empowerment emerges only after the agent can reach

and equip the tool, delaying the onset of non-zero values. In contrast, when objects are

indestructible, object empowerment remains zero everywhere, re
ecting the absence of any

action sequence capable of altering the object's state. Together, these cases highlight how

object empowerment encodes diverse a�ordances arising from di�erent agent{tool{object

relationships.
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4.5 Summary

This chapter developed and analysed the concept of object empowerment as an object-

centric extension of the empowerment framework, capturing an agent's potential in
uence

over speci�c objects in its environment. To the best of my knowledge, no prior work has

formalised or computed object empowerment in the manner presented here.

The chapter began by introducing the formalism of object empowerment, de�ning it

mathematically in terms of the agent{object relationship, and showing how it can be com-

puted in deterministic environments. The concept was �rst applied to a simple grid-world

setting without tools, comparing movable and non-movable objects. This comparison re-

vealed how object properties fundamentally shape empowerment landscapes, with movable

objects producing broader regions of non-zero empowerment, whereas objects that cannot

be modi�ed (e.g., moved) yield empowerment values of zero across all states.

The framework was then extended to scenarios involving tools, using two representative

examples: the broom and the picker. For each, both proximal and distant con�gurations

were examined, highlighting how tool capabilities, placement, and accessibility alter the

spatial structure of empowered states.

The analysis was subsequently applied to the MiniHack environment, a more complex

setting. Here, destroyable and indestructible objects were considered, with additional dis-

tinction between cases where the relevant tool was already equipped and where it had to

be acquired �rst. These scenarios illustrated how object empowerment encodes a�ordances

arising from both agent{tool{object relationships.

Overall, the presented results demonstrate that object empowerment provides a princi-

pled, environment-agnostic means of quantifying an agent's potential to in
uence objects.

While the analysis presented in this chapter demonstrates how object empowerment cap-

tures an agent's potential in
uence over individual objects, the results have primarily

focused on analysing empowerment landscapes rather than using them directly to guide

behaviour. An important next question is therefore how this object-centric notion of em-

powerment can be incorporated into learning agents so that it actively shapes exploration

and decision-making during interaction with the environment. The following chapter builds

on these insights to investigate how object empowerment can be integrated into RL agents

to guide exploration and tool use.



Chapter 5

Empowerment-Guided Learning of

Tool{Object Interactions

This chapter builds on the object empowerment formulation introduced in Chapter 4 by

investigating how it can be incorporated into RL to guide behaviour during tool{object in-

teraction. In particular, it addresses research questions RQ2 and RQ3. The �rst examines

whether object-conditioned empowerment can function as an intrinsic signal that enables

agents to autonomously discover functional tool{object interactions, while the second in-

vestigates how such empowerment regularisation in
uences learning dynamics in sparse-

reward environments. Parts of the framework and experiments presented in this chapter

are based on publication C1; the thesis extends this work by providing a more detailed

methodological description and a broader analysis of the resulting learning behaviour.

This chapter applies the previously introduced formalism of object empowerment within

RL tasks involving tools and objects. The goal is to use object empowerment as an intrinsic

motivation that guides policy optimisation toward states where the agent's actions have

a greater and more reliable in
uence on objects. In the tool-use learning setting, the

critical addition lies in how these components are interpreted for decision-making. A central

challenge in such settings is tool discovery. This is the process by which an agent identi�es

and learns that a particular tool can be used to a�ect an object. Building upon the

de�nitions established in earlier chapters, the chapter evaluates the framework in a grid-

world scenarios. Subsequently, the results are analysed in terms of learning performance

and the emergence of the behaviors that led to such good performance. The subsequent

experiments demonstrate that empowerment-regularised agents achieve faster convergence

and higher performance compared to baseline RL without intrinsic motivation. Finally,

the role of the horizon parameter (h) and the weighting factor ((�) see Equation 3.1.12)

is examined, with a comparative analysis of empowerment values obtained under di�erent

82
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con�gurations.

5.1 Tool-Learning Framework

Having established the formalism of object empowerment in the previous chapter, this

section focuses on its practical use within RL tasks involving tools. Here, object empower-

ment is employed as an intrinsic motivational signal that biases policy optimisation toward

states where the agent's actions exert stronger and more reliable e�ects on objects. The

state and action spaces remain as de�ned earlier (see Section 4.4).

5.1.1 Reward Structure

The objective in this section is to examine whether intrinsic motivational signals can guide

the agent toward meaningful tool{object interactions and improve learning performance in

sparse-reward environments. To this end, the extrinsic reward R is regularised by adding

an intrinsic term, following the general formulation introduced in Equation (3.1.12). Four

speci�c instantiations of the intrinsic term M are considered:

ˆ Object Empowerment (OE): Intrinsic motivation is derived from the agent's po-

tential in
uence over the object's state SO, measured through object sensors:

R̂ := R + � OE Eh
TO (s); (5.1.1)

where Eh
TO (s) is the h-step object empowerment de�ned in Section 4.1.6. This for-

mulation encourages the agent to seek states where its actions have a direct and

predictable e�ect on the object, thereby promoting purposeful object-centred explo-

ration.

ˆ Fully Observable Empowerment (FOE): Intrinsic motivation is instead based

on the agent's overall in
uence on the complete environment state S:

R̂ := R + � FOE Eh
S(s); (5.1.2)

where Eh
S(s) denotes empowerment computed under full observability of the environ-

ment. This formulation encourages exploration of regions where the agent's general

controllability is high, rather than speci�cally object-focused interactions.

ˆ Count-Based Exploration (CBE): Intrinsic motivation is derived from state nov-

elty through a visitation-count bonus:

R̂ := R + � CBE
1

p
N(s)

; (5.1.3)
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where N(s) denotes the number of times state s has been visited during training. In

the discrete grid-world environments considered here, the state space is su�ciently

small to maintain exact visitation counts for each state. This formulation follows

the principle of count-based exploration widely used in RL to encourage exploration

of rarely visited states [75], independently of whether those states correspond to

meaningful tool{object interactions.

ˆ Object Empowerment + Count-Based Exploration (OE+CBE): Intrinsic

motivation is derived from a combination of object-centred causal in
uence and state

novelty:

R̂ := R + � OE Eh
TO (s) + � CBE

1
p

N(s)
: (5.1.4)

This formulation combines novelty-driven exploration with object-speci�c causal guid-

ance, allowing the agent to both explore unfamiliar states and prioritise those that

enable meaningful tool{object interactions.

The comparison between OE, FOE, CBE, and OE+CBE enables an evaluation of how

di�erent intrinsic motivations, and their combination, shape tool-use behaviour. FOE

and CBE both encourage broad exploratory behaviour: FOE by favouring states with high

overall controllability, and CBE by rewarding rarely visited states. In contrast, OE provides

object-centred guidance by favouring states from which the agent can exert greater causal

in
uence over the object. The combined OE+CBE formulation tests whether novelty-

driven exploration and object-speci�c causal guidance can complement each other during

learning. These hypotheses are examined empirically in the experiments that follow.1

To evaluate these hypotheses, the learning process is implemented using the A2C algo-

rithm (see Section 3.1.5). The regularised reward̂R, incorporating one of the above intrinsic

formulations, drives exploration toward states that are either novel, highly controllable, or

object-relevant depending on the choice of intrinsic signal. This makes the learning pro-

cess more e�ective in sparse-reward environments, where useful tool-use behaviours would

otherwise emerge only after prolonged exploration.

Taken together with the structured state decomposition (Equation 4.1.1) and the dis-

tinction between agent-only and tool-mediated actions (see Section 4.1.2), these reward

formulations establish the basis for analysing how di�erent intrinsic motivations in
uence

tool-use learning in the experiments that follow.

1For brevity, later sections use the symbol � generically when referring to intrinsic-reward weighting

parameters, although the speci�c coe�cients di�er across reward formulations.
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5.2 Experiments

To evaluate the proposed tool-learning framework, two distinct grid-world environments

are considered, both using the transition dynamics of tools and objects as de�ned earlier

in Section 4.3. The �rst experiment, termed Tools Comparison, investigates two di�erent

tools, the picker and the broom, under conditions where the agent begins already equipped

with them. In this RL setting, the agent must solve tasks that involve manipulating the

state of an object, where successful interaction depends on the speci�c tool dynamics.

The picker and broom di�er in how they allow the agent to a�ect the object, providing

two distinct forms of tool-mediated interaction. This setup enables a direct comparison

of how FOE and OE guide behaviour with di�erent tool dynamics, without requiring tool

discovery. The second experiment, termed Fully Observable vs. Object Empowerment,

focuses on a single tool (the picker) and examines how learning di�ers when the intrinsic

reward is based on either FOE or OE. In this setup, the tool is not initially equipped by

the agent, requiring it to �rst acquire the tool before using it to interact with the object.

However, the agent can still interact with the object directly, even without the tool, though

such interactions are generally less e�ective. Together, these experiments highlight both

the tool-speci�c behavioural patterns that emerge from FOE- and OE-driven learning.

5.2.1 Experiment 1: Tools Comparison

The �rst experiment investigates how di�erent tools in
uence the agent's ability to interact

with an object. To not include the e�ect of tool discovery in the analysis, the agent begins

each episode already equipped with a tool, positioned adjacently at its start state. The

environment, illustrated in Figure 5.1, consists of a 10�10 grid with �ve main components:

ˆ The agent (a robot), initialized near the tool, ensuring that tool use is possible from

the beginning of the episode.

ˆ The tool (either a broom or a picker), which mediates interaction between the agent

and the object.

ˆ A movable object (a can), which can be acted upon directly or through the tool.

ˆ A goal location (the bin), representing the target destination for the object. The goal

of the task is to move the can onto the cell containing the bin.

ˆ A barrier of walls, which constrains direct movement and requires speci�c tool-

mediated interactions to reposition the object e�ectively.

Two tool variants are considered: a broom (Figure 5.1) and a picker (Figure 5.2). Both

tools follow the same transition dynamics as de�ned previously in Section 4.3 under Chap-
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ter 4. By comparing these conditions, the experiment highlights how the di�erent a�or-

dances provided by the tools alter empowerment landscapes and, consequently, the learned

behaviors in this environment.

Figure 5.1: Grid-world environment with the agent equipped with a broom. The can

represents the movable object and the bin represents the goal position.

Figure 5.2: Grid-world environment with the agent equipped with a picker.

Each episode begins from the initial con�guration shown in Figures 5.1 and 5.2. The

objective is to move the can onto the cell containing the bin, which terminates the episode

immediately upon success (the goal state is absorbing). A small step penalty of �1 is

applied at each timestep to encourage e�cient solutions, and a terminal reward of 0 is

given when the can reaches the bin. Consequently, the optimal policy corresponds to

reaching the goal in the minimum number of steps, resulting in the returns reported in

this section (e.g., �10 with the picker and �12 with the broom). Episodes are capped at
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a maximum of 200 steps to prevent inde�nite exploration when the agent fails to solve the

task.

In this experiment, empowerment is used to compare the impact that two di�erent tools

have on the state of the object. Only one of the two tools is used within each simulation.

The optimal return obtained by moving the can into the waste bin with the picker is �10,

while with the broom it is �12. The lower performance with the broom arises from its

more restrictive interaction dynamics: it can only push the object from adjacent cells,

without the ability to attach or carry it as the picker does. As a result, the agent equipped

with the broom must rely on precise positional alignment to in
uence the can, making it

less e�ective than the picker for completing the task. This di�erence can be formalised

using the notion of state-average object empowerment de�ned in Equation 4.1.7. In this

experiment, the average empowerment associated with the broom (̂E3
Tbroom O = 0:28 bits) 2

is only slightly higher than the average empowerment that would be obtained if no tool

were available in the environment. Means, if the agent relied solely on its own movement

actions (Ê3
AO = 0:23 bits). This similarity re
ects their limited and comparable capacity

to move the can, since the broom, although equipped, only enables pushing from adjacent

cells and does not introduce new, more e�cient manipulation possibilities. In contrast,

the picker exhibits a substantially higher state-average object empowerment (̂E3
Tpicker O =

0:52 bits), as its coupling mechanism enables carrying and rotating the object, resulting

in a broader range of reachable object states. These empowerment values align with the

learning results that follow, where the picker leads to faster convergence, consistent with

its greater potential to in
uence the object.

Results

A comparative analysis was conducted with four RL agents: (i) a baseline vanilla agent

(trained without intrinsic regularisation) and (ii) an OE-regularised agent, both equipped

with the picker; and similarly, (iii) a vanilla agent and (iv) an OE-regularised agent, both

equipped with the broom. Figure 5.3 reports the average number of episodes required for

convergence across 10 independent training runs for each con�guration, with error bars

indicating the corresponding standard deviation. As a convergence criterion, the value of

the double moving average of the return across episodes was required to be within 0.9 of

the optimal return (with window sizes of 100 and 2000). Lower values denote faster conver-

gence. The four bars represent, from left to right: (1) vanilla (picker), (2) OE-regularised

(picker), (3) vanilla (broom), and (4) OE-regularised (broom). The broom clearly emerges

as an \ine�cient" tool: even with empowerment regularisation, the agent required signi�-

2The value h = 3 was selected as it yielded the most consistent and e�ective results across simulations

for both tools.
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Figure 5.3: Average number of episodes until convergence in Experiment 1. Error bars in-

dicate standard deviation across 10 runs. Lower values denote faster convergence (episodes

to reach the optimal return).

cantly more episodes to learn the task compared to the picker case. Speci�cally, the agent

using the picker with E3
Tpicker O converged in an average of 15,555 episodes (with � = 0:08)3,

while the broom agent required 37,657 episodes on average. The OE-regularised agents

consistently outperformed their vanilla counterparts for both tools, demonstrating that

empowerment-guided intrinsic motivation accelerates learning. Figure 5.4 further illus-

trates this di�erence by showing the rolling-window (of size 100) average of returns for

all four agents across episodes. A black line at the top of the plots indicates the optimal

returns of -12 and -10 for the broom and picker cases, respectively.

Discussion

Figure 5.3 and Figure 5.4 show that the intrinsically motivated agent with the fastest con-

vergence is the one using the picker, which also has the largest average object empowerment

Ê3
Tpicker O among the two tools. On the contrary, the regularised agent with the broom took

a very long time to converge and, when compared with the picker, its average OE was

much smaller (0.52 bits vs. 0.28 bits). The e�ect of empowerment on the picker is quite

3The weighting factor � = 0:08 was found empirically to provide a balanced trade-o� between intrinsic

and extrinsic rewards for both tools.
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