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Abstract

Recent advances in artificial intelligence can be attributed to data exploitation methods:
powerful computational optimizations, new neural architectures enabling generative modeling,
and techniques for compressing and learning from massive datasets.

Despite this, the problem of creating truly intelligent systems grounded in stable and
robust internal representations allowing extrapolation of knowledge remains yet to be solved.
Exploration is the missing piece: the ability to identify what remains unknown, to seek novel
experiences, and to maintain stable internal representations that support continuous learning.

This thesis examines how reinforcement learning with world models can contribute to
this goal. World models provide agents with predictive capabilities that guide and motivate
behavior, but their role in exploration is not yet fully understood. Alongside experiments,
this work presents a theoretical synthesis of two major research traditions on world models:
intrinsic motivation and learning from imagined trajectories - situating them within broader
insights from reinforcement learning and cognitive science.

The central contribution is an experimental analysis of how the predictive error of a world
model influences exploration performance in reinforcement learning agents. By systematically
varying the accuracy of the world model through controlled update schedules, the study reveals
that improved prediction enhances exploration, but with diminishing returns once surprisal
is reduced too quickly. The findings indicate that too much accuracy too quickly can reduce
exploratory behavior, highlighting the need for a balance between prediction and novelty.
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Chapter 1

Introduction

Recent advancements in artificial intelligence have been driven by breakthroughs in deep
learning methods such as residual connections (He et al., 2016), batch normalization (loffe
and Szegedy, 2015), transformer architectures (Vaswani et al., 2017), and diffusion models
(Ho et al., 2020). These paradigm-shifting approaches primarily address the challenge of how
to effectively learn from large and complex datasets. They provide solutions to issues such
as preserving learning signals in very deep networks, modeling long sequences of data, and
efficiently training large-scale architectures.

However, the field of Al research is moving from ’learning from data’ to ’learning what
data to learn from’. Despite more progress being done every day in the former area, the
current limitations of modern Al is heavily based on the latter (Jiang et al., 2022). This shift
places the problem of autonomous data acquisition as central to Al research. Elements of
this problem have long been studied within the reinforcement learning, where exploration-
exploitation dilemma was always one of the main interests in the field (Sutton and Barto,
2020).

One class of reinforcement learning approaches to exploration relies on world models.
These models equip Al systems with planning capabilities that guide the exploration process.
What makes them distinct from classic search-based methods such as Monte Carlo Tree Search
is that they can be trained without access to the forward dynamics of the training environment,
making them more feasible in real-life scenarios. This research direction draws inspiration from
cognitive science, where there is substantial evidence for analogous structures in the human
brain that support prediction, planning, and goal-directed behavior (Ha and Schmidhuber,
2018; Friston, 2010). Importantly, cognitive studies also suggest that human internal models
are not exact copies of reality, but rather simplified and adaptive abstractions that balance
accuracy with usefulness. This perspective motivates the question of whether artificial world
models also require such a balance, rather than striving for perfect prediction.

Against this background, one underexplored research question concerns the relationship
between the predictive error of a world model and the exploration capabilities of the Al
system that relies on it. Although previous research provides evidence that more accurate
world models can lead to better task performance (Whitney and Fergus, 2019), it remains
unclear whether continuous improvements in prediction accuracy always benefit exploration.
There is also little analysis of how a gradual increase in world model accuracy might influence
exploration efficiency in practice. This question is particularly important in contexts where
policy and world models are trained simultaneously, and the former directly depends on
the representations generated by the latter. Such training setup is common in a subfield
of reinforcement learning called artificial curiosity (Schmidhuber, 2010). Those methods,



inspired by human experience, utilize internal rewards accumulated from exploring unknown
states which leads to exploration. As stressed in Schmidhuber, 2010, the intrinsic reward
is based on the predictive error of the world model that arises from the mismatch between
estimates of the future states and the real state of the environment. If the predictions are
lacking in accuracy, then everything is surprising and there is no meaningful signal of novelty
in explored states. Conversely, if the predictions are perfect, then there is no signal at all and
agent has no incentive to explore. A good balance between predictive accuracy and surprisal
must be maintained in order for the exploration to be efficient.

Building upon the results from past research, this work examines the hypothesis that in-
creasing accuracy leads to improved exploration, but with diminishing returns once a sufficient
level of predictive capability is reached. To investigate this, experiments were conducted in
which world models performance was systematically weakened by gradually increasing prob-
ability of skipping weight updates. This setup allowed for the comparison of prediction error
and exploration efficiency under varying levels of world model accuracy. This is motivated
by both theoretical considerations from artificial curiosity and empirical evidence that agents
benefit from, but are not strictly dependent on perfect prediction.

The central aim of this thesis is therefore to explore the relationship between world model
accuracy and exploration efficiency.

1.1. Chapter Overview
The remainder of this thesis is organized as follows:

e Chapter 2 (Key Concepts). Core background: RL fundamentals, the exploration—exploitation
dilemma, intrinsic vs. extrinsic rewards, formalism (Bellman/MDP /policy gradients),
model-based RL, world models, cognitive-science links, and artificial curiosity.

e Chapter 3 (Selected reinforcement learning algorithms utilizing world mod-
els). Survey of algorithms using world models for exploration and/or imagination-based
learning, focusing on ICM, RND, Dreamer (V1-V3), and hybrids that combine intrinsic
motivation with imagination.

e Chapter 4 (Experiments). Experimental setup and findings on how world-model
predictive error relates to exploration performance. This chapter includes:

— Method — environments (MiniGrid/BabyAl), agent architectures (PPO, PPO-+ICM,
PPO-+RND), the weight-update skip protocol, training settings, and metrics;

— Results — baseline comparisons and the effect of update probability on prediction
error and sample efficiency; regression tests of diminishing returns;

— Discussion — interpretation, limitations (stochasticity, sparse rewards, long hori-
zons), and directions for future work.



Chapter 2

Key Concepts

This chapter introduces the theoretical background necessary to understand the role of world
models for exploration in reinforcement learning. The discussion combines perspectives from
machine learning and insights from cognitive science and philosophy of mind. Reinforcement
learning is presented as a computational framework for adaptive behavior, followed by an
overview of the exploration—exploitation dilemma and its mathematical foundations. Subse-
quent sections connect these ideas to the notion of world models, both in artificial agents and
in humans, highlighting their relevance for curiosity, quality of internal representations, and
the efficiency of learning. Together, these concepts provide an interdisciplinary foundation for
the later experimental and analytical parts of this thesis.

2.1. Reinforcement learning

Reinforcement learning (RL) is a subset of machine learning that is often defined as learning
which actions should be taken to maximize a numerical reward function (Sutton and Barto,
2020) (Francois-Lavet et al., 2018). Every action choice corresponds to mapping from state
of the environment to action space, which can be discrete, such as in the game of chess, or
continuous as in the cart pole problem. In most interesting cases, we care about sequences
of such states and actions, in which action may affect multiple future states, all resulting in
optimization of the cumulative reward function.

A useful analogy comes from instrumental reinforcement in behavioral psychology, where
behaviors are shaped by their consequences: actions followed by rewards become more likely,
while those followed by punishments become less likely. RL formalizes this idea in a compu-
tational setting.

Reinforcement learning is simultaneously a problem, set of methods solving it, and a
research field that studies them.

It is distinct from supervised learning, where the task is to learn the underlying data
distribution given a set of labeled data points used as a source of ground truth. Supervised
learning system learns to classify previously unseen data points utilizing information embed-
ded in the training set. In RL a set of ground truth examples from which a system can learn
is not known, as it is often impossible to describe a fixed set of situations containing a pattern
of action that would allow for creation of generalized policy performing well in an uncertain
environment. (Sutton and Barto, 2020)

Lack of supervised examples makes RL akin to unsupervised learning with which it is
often mistakenly conflated. In contrast to unsupervised learning, the objective of RL is not
to learn the patterns hidden in the dataset, but it is to maximize the reward function that



reinforces certain behavior. This problem setting is often described as a Markov Decision
Process, where given past states, agent must decide on actions affecting following states, all
within an uncertain environment in which state transitions are a stochastic process. This
framework will be described in one of the following sections.

2.2. Exploration-exploitation dilemma

One of the challenges that sets RL apart from supervised and unsupervised learning is
exploration-exploitation dilemma. Data used in training reinforcement learning systems con-
tain neither labeled examples nor a fixed set of representative data points. Conversely, data
used in RL systems comes from a small and ever-changing subset of all possible states; hence
the RL agents must learn to effectively explore previously unseen states of the environment,
later utilizing the knowledge gathered from those experiences. Rewards are often sparse and
unavailable, as a result there is often not enough training signal for machine learning systems
to learn patterns from their experiences.

Supervised and unsupervised learning methods, depend on representativeness of the train-
ing set of data points; such assumption can be considered as solving only the exploitation part
of the RL problem setting. Examples provided to those learning systems are a result of a data
collection conducted by external learning supervisors. RL resigns from this assumption, con-
siders data collection as the part of the broader learning process, and hence extends the
challenge of machine learning by another dimension.

It is often seen as a trade-off, as learning to explore to gather new knowledge for the future
comes with the expense of losing opportunity of exploiting short-term rewards. Agents not
capable of exploration will fail to adapt to changing environment and will lose opportunities
of collecting higher rewards that may lie outside of the state space explored in the past. On
the other hand, exploration often comes with a risk of failure, which might lead agents to fail
in accumulating reward signals disabling them from learning at all.

2.3. Extrinsic and intrinsic rewards

In most reinforcement learning settings, agents are trained with extrinsic rewards, signals
explicitly provided by the environment designer to reflect task objectives. Classic examples
include reaching the end of a maze, winning a game, or maximizing a score. Extrinsic rewards
are often sparse, delayed, or difficult to specify in a way that captures the full range of desired
behaviors, which makes learning slow and sample-inefficient.

To address these challenges, researchers have introduced intrinsic rewards, signals gener-
ated within the agent itself to encourage exploration or the acquisition of useful knowledge.
Intrinsic rewards are typically derived from prediction error, novelty, or information gain,
and are designed to push agents toward states that are surprising or informative rather than
simply rewarding in an extrinsic sense. They provide a self-supervised training signal that
can be present even in the absence of external rewards.

The notion of intrinsic rewards is closely inspired by psychology and neuroscience, where
intrinsic motivation refers to behaviors driven by curiosity, exploration, or the inherent satis-
faction of learning. In developmental psychology, children engage in exploratory play without
explicit external rewards, gradually building models of the world that later support goal-
directed behavior (Schmidhuber, 2010). This psychological perspective provides a strong
foundation for artificial analogues of curiosity in reinforcement learning.



Recent work has shown that purely intrinsic objectives are sufficient to drive effective
learning in complex environments. For example, Burda, Edwards, Pathak, et al., 2018 demon-
strated that agents trained solely with intrinsic signals can successfully learn to perform a wide
range of tasks, even when extrinsic rewards are completely absent. This suggests that curiosity
and novelty-seeking alone can provide a strong basis for autonomous skill acquisition.

In addition, architectures that first pre-train on intrinsic rewards and later fine-tune with
extrinsic signals have been shown to improve sample efficiency and transfer. Khanzada and
Kwon, 2025 provide evidence that such intrinsically motivated pre-training leads to faster pol-
icy convergence compared to learning the task directly with extrinsic rewards. This highlights
the complementary role of intrinsic and extrinsic rewards: the former guides exploration and
representation learning, while the latter aligns behavior with explicit task goals.

2.4. Mathematical formalism in reinforcement learning

2.4.1. Optimal control and Bellman equation

The main concern of the optimal control problem is finding optimal control of the dynamic
system so that an objective function is optimized. Dynamic programming is considered the
only feasible way to solve the optimal control problem. It solves a decision process by breaking
it down into a sequence of action steps over time. Relationship between the consecutive action
steps is often represented recursively in a backward-induction form called Bellman equation
(“Bellman equation”, 2025) ¢

Bellman equation

V(z) = arenlg();) {R(z,a) + vV (T (z,a))}. (2.1)

Where:

e V(x) is the expected return starting from state  under an optimal policy.

e a € I'(z) is an action a taken from the set of possible actions I' depending on the state
x.

e R(z,a) is a reward of taking action a at the state x.

v € [0,1) is a discount factor that encourages instantaneous reward.

e T(x,a) is a transition function that returns a state x;y; given action a; taken in state
Tt

Such statement of the problem sets V' (z) as function that needs to be learned in order to
construct a policy 7(x) that chooses action a associated with the highest value of V.

2.4.2. Markov Decision Process

Markov Decision Process (MDP) is often used as the framework describing the problem of
reinforcement learning. It is a discrete and stochastic version of the optimal control problem
introduced by Bellman (Bellman, 1957) (Sutton and Barto, 2020). The method takes its name
from Markov chains which were the main object of study of Russian mathematician Andrey
Markov.

MDP is formally defined as 5-tuple (S, A, T, R,~), as introduced in Sutton and Barto,
2020, where:



S is a state space.
e A is an action space.

o7 :8%xAxS — [0,1] is the transition function, consisting of a set of conditional
state-transition probabilities.

R:SxAxS — R is the reward function where R is a set of possible rewards in range
Rypaz € RT.

~v € [0,1) is the discount factor.

Policy 7(sp)

Figure 2.1: Illustration of a Markov Decision Process (MDP), adapted from the structure
presented in Francois-Lavet et al., 2018. At each step, the agent takes an action that changes
its state and yields a reward.

As in the Bellman equation, we are concerned with finding the value of the V' function. V
function depends on policy 7(s) which determines which actions are selected in state s. This
relationship can be modeled in recurrent form as follows.

VT(s) =Y T(s,m(s),s) (R(s,7(s),s) +7V7(s) (2.2)

This can be derived from 2.1 by fixing policy 7w and rewriting the action a as being sampled
from it (7(s)). Next, for stochastic state transitions we rewrite the equation as expectation
over all possible next states s’ that occur with a probability dependent on the transition
function T and also alter the reward function to be dependent on the next state.

The objective of the RL agent is to learn an optimal policy 7*(s). The value function
following the optimal policy is called V* and can formally be defined as (“Markov decision
process”, 2025):

V*(s) = rggﬁivw(s) (2.3)

There are multiple successful variants of the framework above used in various contexts. The
most notable is Q-learning, which modifies V-learning by assuming action a to be taken first
and then following policy 7. This modification allows the algorithm to directly approximate
the optimal action-value function @Q*(s,a), without requiring a model of the environment or
explicit knowledge of the current policy. More formally this can be written as:

Q" (s,a) = ZT(S, a,s')(R(s,a,s") +vQ™(s',a = (")) (2.4)

In this formulation, policy is learned implicitly by learning association of state-action pairs
with approximate return cumulated throughout the episode. As a result, Q-learning is an off-
policy method, enabling learning from actions generated by an exploratory or even unrelated
behavior policy, while still converging to the optimal policy (Sutton and Barto, 2020).
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Q-learning started as an algorithm for tabular methods that track visited states and
update mapping from state, action pairs to Q-function. In practice, it is unfeasible to visit
all states and keep mapping of state-action pairs in memory. This issue is solved by learning
an approximation of the Q function with neural networks (Francois-Lavet et al., 2018).

2.4.3. Direct policy learning

On the contrary to the Q-learning, which by design leads to greedy methods of choosing
highest-scoring actions, direct policy learning methods allow learning action distribution from
which actions can be sampled leading to explicit exploratory behavior (Francois-Lavet et al.,
2018). This is why policy-learning methods are dominant in contexts where exploration is
vital for reaching sparse rewards.

Direct policy learning is made possible by the Policy Gradient Theorem (Sutton et al.,
1999), which provided a closed-form expression for the gradient of expected reward with
regards to policy network weights as shown below:

VGJ(G) = ]Eswd"é),awm; [VH log 779(0’ | S) Qﬂe (Sa a) } (2'5)

Where 0 are neural network parameters, J is a loss function, @™ is a Q-function with currently
learned policy my and d™ is a discounted state distribution where probability of visiting state
is given by:
d™(st) = (1=7) > vPr(se = s|m) (2.6)
>0
This allows directly learning the action distribution. Method above requires access to Q-
function, which in practice is also approximated. Example architecture combining policy
learning and Q-function approximation is Actor-Critic network (Konda and Tsitsiklis, 1999).
Here two separate networks are trained so that actor parameters take state as an input and
return an action distribution, and critic network approximates value of a given state.
For numerical stability reward function is replaced with advantage function A™ which is
defined as:
A" (s,a) = Q™ (s,a) — V™ (s) (2.7)

This describes how a choice of a particular action compares to the baseline value of a given

state. Positive values suggest that the choice is advantageous, while negative values point

to disadvantage. Operation of subtracting the baseline value of a state leads to decrease in

magnitude of the signal sent to the model. As a result, weight updates are more stable and

higher learning rate can be used, leading to faster convergence (Francois-Lavet et al., 2018).
To encourage choosing low-probability actions, entropy bonus is often applied.

H(m) = —OéZﬂ'(S,CL) log(m(s,a)) (2.8)

Where « is a hyperparameter controlling the magnitude of the bonus.
Applying operations described above leads to the formula:

VoV (s0) = Es.a[Vologmy(s,a) AT (s,a)] + a By [VoH™ (s)]. (2.9)

Direct policy learning methods tend to be sample inefficient. As on-policy methods they
can only perform a single weight update on collected experience, which is very limiting,
because environment simulation is often expensive. Performing multiple steps on the same
experience might lead to biased gradient estimates, which destabilize the training and violate
assumption that experience data was collected under current policy. Different methods for
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improving sample-efficiency by allowing multiple gradient update steps were proposed. This
can be achieved by limiting the divergence between old and current policy during weight
update. Methods like Trust Region Policy Optimization (TRPO) accomplish that by limiting
KL-divergence between old and new policy to be less than hyperparameter § (Schulman et
al., 2015). Proposed method requires estimation of second-order derivative which renders it
computationally expensive.

Two years later the Proximal Policy Optimization (PPO) method was proposed (Schulman
et al., 2017), since then it became one of the most influential direct policy learning methods.
PPO stabilizes training by limiting the magnitude of the objective for weight updates through
a clipped surrogate objective:

T (CLt ’815)
7-‘—Golcl (at ’St>

W@(at’St)

AT clip
roalars)

E | min ( ,1—€,14¢€)AT) (2.10)
Probability ratio measures the likelihood that a given action is taken compared to the old
policy. Clipping is applied to it to keep the weight update magnitude low enough to avoid
divergence of policy. Despite its simplicity, it was empirically proven to perform well across a

wide range of tasks.

2.4.4. Model-based RL

Another approach to reinforcement learning that will be the focus of my work is model-based
RL (MBRL). This class of solutions solves the RL problem with planning by combining world
models, discussed in the next section, and by storing a global solution which corresponds to
policy 7* (Latyshev and Panov, 2023). Those methods allow RL systems to plan ahead using
the predictive capabilities of world models. By learning forward dynamics of the environment
in which the RL agent is placed, it can estimate states of the environment following the
observed one. By having direct access to a state-space estimates within learned latent space
and combining it with policy, MBRL systems are capable of planning several steps into the
future. Latent spaces are explored by sampling trajectories and this leads back to the difficulty
of balancing exploration and exploitation. To explore MBRL system must select trajectories
that have low certainty (high variance). On the other hand, exploitation requires choosing
trajectories that have known, high reward associated to them (Francois-Lavet et al., 2018).
More formally this can be described as RL system with:

forward dynamics model M

e S = St_n,...S is a state history with up to n previous states.

Z is a latent space from which z;, z;41...2¢45 can be generated using model M

Actions A" = aq, ..., aj, where a1 leads to transition from z; to Zi41
e S are states estimates St4+1, .--St+n calculated based on their latent space representations.

Formalism above can be extended to ensemble MF¥ of k models. This can be achieved by
exploring latent spaces Z1* by generating multiple trajectories independently from separate
models and using them directly or combining them into a single state estimate (Latyshev and
Panov, 2023).

Several advantages of model-based reinforcement learning (MBRL) over model-free ap-
proaches can be highlighted: (1) MBRL methods can generalize to new tasks within the same
environment; (2) they enable learning from state transition data, making them independent
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of the specific policy being trained; and (3) they are generally more sample-efficient. Con-
versely, MBRL based methods struggle when their predictive capacity is limited. Increasing
their planning horizons allows their performance to match their state-of-the-art model-free
counterparts (Whitney and Fergus, 2019).

2.5. World Models

2.5.1. What are world models?

The concept of world models has its philosophical roots in the notion of mental models, one
of the first works comprehensively introducing this concept was "The Nature of Explanation”
by Kenneth Craik in 1943. Craik defined a model as a "physical or chemical system which
has a similar relation-structure to that of the process it imitates” (Craik, 1943).

Although Craik frequently used the term “mechanism,” his emphasis on relation-structure
points more naturally toward a functional account of explanation. In this view, a model
explains external phenomena not by replicating their material composition, but by preserving
the relevant input—output relations and causal dependencies. In other words, the model
mirrors the structure of external processes in such a way that it can generate analogous
effects to those observed in the real system.

Craik illustrated this with the example of Kelvin’s tide predictor: although the device
bears no resemblance to an actual tide, it combines oscillations of different frequencies in a
way that accurately reproduces the variations in tidal amplitude at a given location over time.
This line of thought resonates with more recent discussions distinguishing functional from
mechanistic accounts of explanation, where functional analyses describe capacities in terms
of input—output relations, while mechanistic accounts emphasize the causal organization of
underlying structures (Milkowski, 2013).

The goal of this idea was to explain the process of thought, which Craik decomposed into
three stages:

1. Translation of external process into words, numbers or other symbols.
2. Arrival of other symbols through reasoning, deduction and inference.
3. Retranslation of these symbols into external processes.

In humans, the translation would occur through the sense-organs activating the neural
pathways in the brain. Then through neural activations, mental models would conduct sym-
bolic reasoning, and lastly the retranslation would occur through activation of motor-organs.
The main role of such models in animals would be to try out various alternatives of actions
(Craik, 1943).

This notion was first explored in early connectionist work such as Sutton and Barto,
1981, where adaptive networks were shown to build internal representations of their environ-
ment. This idea was extended in Sutton and Pinette, 1985, which demonstrated that a neural
network could learn a world model of a maze through exploration and later exploit it once
rewards were introduced, anticipating what is now called latent learning. A decade later,
Sutton, 1991 introduced the Dyna architecture, the first reinforcement learning framework
to integrate learned world models with planning capabilities, allowing policy updates from
both real and imagined experience. Shortly after, Schmidhuber, 1991 proposed how world
models could also serve as a basis for intrinsic motivation, introducing curiosity and boredom
mechanisms in reinforcement learning systems, as described in more detail in later sections.
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Figure 2.2: The Dyna architecture (Sutton, 1991), where the agent interacts with the real
environment while simultaneously improving a learned world model. The model enables plan-
ning through simulated experience with learned transition 7" and reward R models, allowing
policy updates beyond direct interaction.

In RL the term mental model is mostly replaced by the notion of world model. The
distinction seems to depend mainly on the context in which the term is used. For example,
Schmidhuber in his 2018 work "World Models” starts by explaining the idea of mental models,
then switches to using the term "world model” without reintroducing it (Ha and Schmidhuber,
2018). This points to the fact that world model and mental model is the same idea differen-
tiated by the field of study. The former is used in cognitive science, while the latter is used
in reinforcement learning.

2.5.2. Background and decision-time planning with world models

Sutton and Barto, 2020 in chapter 8.8 introduced crucial distinction between two types of
planning in RL:

e background planning - type of planning used in Dyna (Sutton, 1991) allowing imagining
trajectories at training time and learning policy from them.

e decision-time planning - computes multi-step plan of action at inference time.

The difference lies in when planning happens. In background planning it only happens at
the training time, while in decision-time planning happens just before choosing an action in
inference time.

Although both are commonly referred to as ”planning,” this terminology can be misleading.
In the case of background planning, no explicit lookahead is performed during inference.
Instead, the system leverages imagined trajectories during training, which implicitly equip
the policy with long-horizon competence. Thus, the agent’s action choice at inference time is
reactive rather than the result of an explicit search.

By contrast, decision-time planning is more naturally aligned with the everyday meaning of
planning: the agent explicitly generates, evaluates, and executes multi-step action sequences
at inference time.

Given this discrepancy, it may be useful to reserve the term planning exclusively for
decision-time approaches, while referring to background planning instead as learning from
imagined trajectories. This distinction would emphasize the fundamentally different com-
putational processes at work, avoid terminological confusion, and help clarify discussions of
methods such as AlphaZero (decision-time planning) (Silver et al., 2017) versus Dreamer
(background trajectory learning) (Hafner et al., 2020).
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2.5.3. Evidence for world models in humans

The notion that humans maintain internal “world models” is strongly supported by findings in
cognitive psychology and neuroscience. Multiple empirical studies give evidence that percep-
tion and action are guided by anticipatory models of the environment rather than by passive
reception of sensory input (Clark, 2013). Studies on animal brains show that retinal ganglion
cells use spatial-temporal predictions of visual stimuli. They suppress nearby signals to high-
light only those that diverge from the assumption that visual input remains similar across
space and time (Hosoya et al., 2005). This gives evidence of bottom-up predictive signal
influencing perception, different studies give evidence for predictive capacity found in top-
down pathways in the brain. For example (Hohwy et al., 2008) explain the famous "binocular
rivalry” effect by alternation between different hypotheses explaining contradictory sensual
information.

The free energy principle of brain function proposes that incoming signals are continuously
compared with internally generated predictions, and that the mismatch (prediction error)
drives both learning and conscious perception. The goal of a living organism is then to decrease
the free energy which can correspond to surprisal. This can be achieved either by updating
its posterior distribution meaning refining its best guess about the external environment, or
by changing the external environment through its actions (Friston, 2010).

Figure 2.3: Illustration of inattentional blindness: participants focusing on counting basketball
passes often fail to notice a person in a gorilla suit crossing the scene (Simons and Chabris,
1999). This shows that mental models in humans ignore significant part of sensual data
irrelevant to the task at hand.

Importantly, human world models are not exact copies of the sensual data but are shaped
for usefulness. Herbert Simon’s concept of bounded rationality (Simon, 1957) emphasizes
that cognition exploits simplified representations suited to decision-making under resource
constraints. Empirical phenomena such as change blindness (Rensink et al., 1997) and inat-
tentional blindness (Simons and Chabris, 1999) show that large alterations in visual scenes
often go unnoticed if they are irrelevant to current goals. Collectively, these results indicate
that human internal models are adaptive abstractions: they prioritize task-relevant features
and predictive utility over complete accuracy.

This perspective has direct relevance for reinforcement learning. Just as humans rely on
simplified yet useful models for prediction and action, artificial agents benefit from world mod-
els that capture the aspects of the environment relevant for control, while ignoring irrelevant
complexity (Pathak et al., 2017). The analogy strengthens the interdisciplinary connection
between cognitive science and model-based approaches in machine learning.
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2.5.4. Artificial curiosity

Artificial curiosity is an idea from Schmidhuber, 1991 that aims to solve the problem of
reinforcement learning with non-stationary environment requiring constant adaptation of RL
system. In order to thrive, such systems must constantly adapt their behavior to shifts in
distribution of their observations. Schmiduber proposed an idea of artificial neural network
that uses predictive error of learned world model as a source of intrinsic rewards. Such system
would direct its actions toward states that are unpredictable and hence more surprising or
interesting. As more novel states are visited, world model is refined and its prediction error
goes down. Consequently, model is encouraged to visit subsequent interesting states allowing
constant refinement of the world model and constant exploratory behavior of the RL system.

In his later work, Schmidhuber specified the minimum requirements for implementing
artificial curiosity as:

1. Adaptive world model equipped with predictive capabilities, compressing knowledge
accumulated from past experiences.

2. A learning algorithm that allows detecting novel patterns.
3. Intrinsic rewards generated in novel states.

4. An optimization which allows learning actions maximizing intrinsic rewards (Schmid-
huber, 2010).

From an information-theoretic perspective, the central role of world models in artificial
curiosity is to identify and exploit compressible structure in the data. A sequence of observa-
tions is said to contain a pattern if it can be described by a shorter code than the sequence
itself, for example by predicting future components from past ones. In contrast, pure noise
is incompressible and therefore uninformative: it cannot be predicted, learned, or used to
improve behavior. For this reason, artificial curiosity emphasizes the existence of learnable
patterns within the environment. Intrinsic rewards are generated not by arbitrary unpre-
dictability, but by novelty that is discoverable regularities that were initially unknown to the
agent yet can be learned and compressed into the world model. This ensures that curiosity-
driven exploration is not wasted on randomness but is directed toward meaningful structure
in the data (Schmidhuber, 2010). Conversely, failing to distinguish learnable patterns from
noise leads to what is called "noisy TV problem” (Pathak et al., 2017). It is a phenomenon
in which novelty-seeking agent is attracted to the random patterns within the observations
and is unable to leave the vicinity of the source of randomness. Methods for dealing with this
problem will be described in next chapter.

2.5.5. Contents of internal representations within world models

World models are most often trained by optimizing reconstruction loss of encoded states
visited by agent following actions sampled from policy.

N
1 .
Lw = N;HSt—StHg (2.11)

Where s; are observed states at time ¢ and N is number of experienced states within training
batch. This and other analogous training objectives turn world model learning into supervised
learning problem.
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One method of extracting intrinsic rewards from these models are based on uncertainty
measured by taking difference of predictions of the next state, and true values of these states.
This requires constant access to the true states of the environment in order to generate intrinsic
signal. Other family of methods utilize ensemble of world models and calculate variance of
their predictions. This approach allows measuring model uncertainty without constant access
to true states (Latyshev and Panov, 2023).

Depending on the design of world model encoded state can differ in its contents. For
example pixel-reconstruction model aims to predict exact image representation of the next
state given state-action pairs. Such objective leads to models that are sensitive to alterations
of visual information leading to instability when changes in color, light etc. are introduced. On
the other hand, architectures like Intrinsic Curiosity Module (ICM), learn inverse kinematics
of the environment in order to ignore all information irrelevant to agents actions (Pathak
et al., 2017). Features encoded by this model describe observations in terms of how agents
behavior may affect them, which as a result leads to internal representations that remain
stable when visual noise is encountered.

The meaning of surprisal, or predictive error, depends crucially on the nature of the state
representation used by the world model. When states are encoded at the level of raw pixels,
prediction error often reflects visual irregularities such as random noise, changes in lighting,
or background motion. In contrast, when intrinsic rewards are derived from forward models
such as the Intrinsic Curiosity Module (ICM), surprisal corresponds more directly to action-
related uncertainty: the model is surprised when it cannot reliably predict the consequences
of the agent’s own actions. Thus, the quality of internal representations determines whether
predictive error signals are informative for exploration or are wasted on irrelevant variability.

Richer representations that incorporate higher-level features of the environment, or even
information about the agent itself, could in principle support forms of self-awareness: the
agent would not only model the external world, but also its own role and capacities within
it. Some researchers have suggested that extending world models in this direction may
eventually provide computational substrates for rudimentary self-introspection or even self-
consciousness, where the agent’s predictions include both the environment and its own internal
states (Schmidhuber, 1991).

2.5.6. Efficiency of internal representations

Richer world models that incorporate both external dynamics and aspects of the agent itself
raise the question of how efficiently such information can be represented. The Fractured
Entangled Representation (FER) hypothesis argues that deep learning methods based on
stochastic gradient descent often learn unstable and overly complex internal representations.
Such representations fail to exploit the symmetries and regularities present in the data Kumar
et al., 2025. Kumar et al advocate for putting more emphasis on deep learning methods that
are capable of Unified Factored Representation (UFR) learning. They show that compositional
pattern producing networks (CPPN) (Stanley, 2007) can be used in conjunction with NEAT
algorithm (Stanley and Miikkulainen, 2002) to learn internal representations that are simpler,
modular, have greater capability to generalize and take better use of the regularities found in
the data. Their findings expand the research on the world model quality by demonstrating
that even though neural architectures can produce the same output given the same input,
efficiency of their internal representations should also be taken into account.

It is also theorized that UFR is a consequence of a serendipitous discovery process. Al-
gorithms that do not directly optimize any objective have a greater chance of learning solid
and more versatile representations. This can be attributed to the fact that the greatest dis-
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coveries do not happen as optimization towards the objective, but rather are consequences
of undirected and unpredictable search process (Stanley and Lehman, 2015). InDRiVE ar-
chitecture (Khanzada and Kwon, 2025) although not fully objective-less gives evidence that
serendipitous pre-training process focused on intrinsic rewards and exploration may lead to
better representations that allow fine-tuning for downstream tasks in more sample-efficient
manner. Details of this study will be described in greater detail in the next chapter.
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Chapter 3

Selected reinforcement learning
algorithms utilizing world models

The use of world models in reinforcement learning has given rise to several distinct research
traditions. One line of work, originating with Schmidhuber, 1991, focuses on curiosity and
intrinsic motivation: agents exploit prediction errors or novelty signals from their world models
to guide exploration in environments with sparse external rewards.

Another line, introduced by Sutton, 1991, employs world model dynamics for planning by
generation of trajectories. This idea has since developed into two separate directions. The
first, which will be referred to as learning from imagined trajectories, corresponds to what
Sutton describes as background planning: the agent uses the model to imagine trajectories
used to update the policy during training, but at inference time action selection is purely
reactive. Recent advances such as Dreamer (Hafner et al., 2020) are an example this approach.
The second direction is decision-time planning, where the agent explicitly constructs and
evaluates action sequences using the world model during inference. Systems like MuZero
(Schrittwieser et al., 2020) fall into this category.

Given these distinctions, the use of world models in reinforcement learning can be sub-
divided into three complementary applications: (1) curiosity and intrinsic motivation, (2)
learning from imagined trajectories, (3) decision-time planning.

Therefore, the present chapter focuses on curiosity-driven exploration and learning from
imagined trajectories, as these two approaches have not only matured substantially, but
have also recently converged in novel architectures that integrate intrinsic motivation with
imagination-based training (Khanzada and Kwon, 2025). In contrast, decision-time planning
with learned world models is excluded from this discussion. This is partly for practical reasons
of scope, but also because this line of work does not connect as naturally to the progression
described above. Moreover, decision-time planning remains comparatively less developed, as
it is rarely applied in settings where environment dynamics must be learned rather than as-
sumed to be known (Schrittwieser et al., 2020). This is related to the fact that these methods
are significantly less sample-efficient than learning from imagined trajectories (Hafner et al.,
2020).

3.1. Intrinsic Curiosity Module

The Intrinsic Curiosity Module (ICM) was introduced by Pathak et al., 2017 as a mechanism
for generating intrinsic rewards in reinforcement learning. Its design builds on the observation
that prediction error in a learned world model can serve as a proxy for novelty: states that are
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hard to predict are likely to be unexplored and thus interesting for the agent. This architecture
with small modifications was used for experimental part of this work.
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Figure 3.1: Schematic of the Intrinsic Curiosity Module (adapted from Pathak et al., 2017).
Forward Model and Inverse Model are trained for different tasks while using the same en-
coder. This allows state representation to contain both action-relevant and state prediction
information. Reward is computed as a difference of forward model predictions and encoded
next state.

3.1.1. Architecture
The ICM consists of three components:

1. Feature encoder: maps high-dimensional observations (e.g., raw pixels) into a compact
latent state representation ¢(s;).

2. Inverse dynamics model: predicts the action a; taken between consecutive latent
states (¢(s¢), d(si+1)). This forces the representation to capture features of the envi-
ronment that are controllable by the agent, helping to filter out irrelevant noise.

3. Forward dynamics model: predicts the next latent state q?)(stﬂ) given ¢(s;) and ay.
The intrinsic reward is defined as the prediction error of this forward model, i.e.,

. 1 -
it = Slose+1) — S(se41)[I”. (3.1)

Both networks are optimized jointly with:
Liom = Es, o500 | B0 (st41) — d(seq)lI* + (1 = B) Leglar, ar) |, (3.2)
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Where [ controls forward loss and inverse loss components importance, {cg is a cross entropy
loss. And D is a distribution of experience accumulated by following policy. Authors suggest
setting 8 = 0.2, which makes forward loss more significant to the gradient updates

3.1.2. Strengths and limitations

The key innovation of ICM is the use of the inverse dynamics model. By predicting the
action between states, the encoder is encouraged to extract features that are controllable by
the agent. This helps overcome the “noisy TV problem,” where an agent would otherwise be
attracted to inherently unpredictable but uncontrollable stimuli.

Despite its advantages, ICM has several limitations:

e It requires access to the true environment states to train the inverse model, which may
not always be available.

e The learned representation might not capture all the useful information, since some
details that matter later may not seem relevant for action at the current state.

e Subsequent large-scale studies (Burda, Edwards, Pathak, et al., 2018) showed that ICM
can sometimes underperform in some environments compared to simpler methods like

Random Network Distillation (RND).

e The same study showcased that noisy TV still leads to significant training slow-down
for both ICM and RND.

The relative performance of ICM and RND is therefore an open empirical question. This
issue will be revisited in the experimental part of this thesis, where both methods are compared
directly under controlled conditions.

3.2. Random Network Distillation

Random Network Distillation is another kind of world models introduced in Burda, Edwards,
Storkey, and Klimov, 2018 useful for providing exploration bonus based on random features
encoding. Idea behind the model is simple yet it leads to surprisingly good results. At the
time of publishing it achieved state of the art results in "Montezuma’s Revenge” which is very
hard Atari game in terms of exploration required (see Figure 3.2).

~4

Figure 3.2: Screenshot from Montezuma’s Revenge (Atari 8-bit, PAL version). Source:
Wikipedia/Wikimedia Commons.
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3.3. Architecture

RND has two components, randomly initialized state encoder with frozen weights called target
network, and predictor network that given the same input should predict output of the target
network.

More formally, target network is a random function encoding states s; into f(s;). Predictor
with parameters § minimizes loss given by:

1

Lo =5 B[ £(s0) = (a0 (33)

Where D is distribution from which the states are drawn.
Intrinsic reward is generated with:

= D110 — Flsu P (3.4

It is designed to be added on top of extrinsic rewards so that the final reward expression
equals:
re =1t (3.5)

With 7 controls magnitude of intrinsic rewards.

3.4. Strengths and limitations

The main strength of RND lies in its conceptual simplicity and robustness. Unlike methods
such as ICM, it does not require learning a forward dynamics model of the environment or an
explicit inverse model. Instead, the target network is randomly initialized and fixed, which
eliminates co-adaptation problems between model components. This simplicity makes RND
easy to implement and train, while still producing strong exploration behavior in sparse-reward
domains such as Atari (Burda, Edwards, Storkey, and Klimov, 2018). Another practical
advantage is that the target network is deterministic and within the function class of the
predictor, so prediction errors cannot arise from environmental stochasticity alone. This helps
reduce, but not fully eliminate, the tendency to assign high intrinsic rewards to uncontrollable
noise sources.

However, RND is not immune to the “noisy TV problem.” Large-scale studies have shown
that stochastic inputs such as random pixels can still disrupt learning, sometimes even more
severely than with ICM (Burda, Edwards, Pathak, et al., 2018). In such cases, the predictor
network continues to assign novelty bonuses to inherently unpredictable signals, distracting
the agent from meaningful exploration. In addition, the intrinsic reward signal in RND gradu-
ally diminishes as the predictor converges on the target network, which can reduce the agent’s
exploratory drive over long training horizons. Finally, RND provides no model of environment
dynamics or semantics of the state space; it is purely a mechanism for novelty detection, which
limits its use to guiding exploration rather than enabling planning or representation learning.

Despite these limitations, RND remains one of the most effective curiosity-driven meth-
ods due to its stability, low computational overhead, and strong empirical performance in
challenging sparse-reward environments.

3.5. Dreamer

Dreamer (Hafner et al., 2020) is an architecture related to the learning-from-imagination area
of world models research. Achieving state of the art results on multiple difficult tasks, it
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became one of the most influential model-based architectures in RL. The following section
aims to explain unique use of world models in Dreamer architecture while skipping details
of implementations, which are a significant part of Dreamer’s success with versions 2 and
3, advancing the architecture with numerous improvements of varying sizes and importance
(Hafner et al., 2022; Hafner et al., 2024). Additionally, with an example of InNDRiVE archi-
tecture it shows possibility of implementing RL system that combines both intrinsic rewards
and learning from imagination in order to overcome Dreamer architecture limitation of weak
exploration capabilities.

3.5.1. Architecture

Similarly to Dyna architecture (Sutton, 1991), Dreamer learns world model to enable exploring
and learning from imagined trajectories (Hafner et al., 2020). What makes dreamer unique is
capability to fully learn policy in latent space. The system learns to encode observations into
the latent space and then apply actions sampled from actor network in order to advance to
the next latent state through latent dynamics model, for each state in latent space a reward
is generated using designated reward model.

World model is a recurrent state-space model (RSSM) (Hafner et al., 2019) learning to
encode observation into the latent space, learning the transition function by optimizing recon-
struction loss of a next state, and learning to predict rewards for a given state using reward
model. Policy is trained only using states provided by the world model.

As in other actor-critic based approaches, Dreamer simultaneously learns to predict the
value of all states using critic network, and then chooses actions that maximize estimate of
values with an actor network. What makes dreamer unique is ability to execute those steps
in latent space. Critic network minimizes error of its prediction and rewards generated by
reward component of the world model. On the other hand, actor network gradient requires
overcoming the issue of sampling actions during trajectory generation. This is made possi-
ble using reparameterization trick (Kingma and Welling, 2022) for continuous actions and
straight-through gradients (Bengio et al., 2013) for discrete actions. In this way gradient
information is not lost during state transition and gradients can be backpropagated.

More formally, the Recurrent State-Space Model (RSSM) used in Dreamer maintains
two types of information at each step ¢: a deterministic hidden state h; and a stochastic
latent variable z;. The inclusion of both deterministic and stochastic components addresses
complementary needs: h; enables stable propagation of information across long horizons, while
z; captures uncertainty in the dynamics. Together, they define the latent state s; = (hy, 2¢).
The deterministic state is updated from the previous step as

ht = faet(hi-1, 2t—1, az-1)- (3.6)
On top of hy, the model defines two distributions for the stochastic component z;:

e the posterior g4(z; | h¢, 0¢), which incorporates the current observation o; and is used
during training,

e the prior py(z; | ht), which ignores o; and is used during imagination rollouts.
During training, z; is sampled from the posterior, while a KL divergence term
KL(qg (2t | bty 00) | po(2e | )

is minimized to align the prior with the posterior. This ensures that the prior becomes a good
predictor of z; without access to oy, making imagined trajectories realistic while grounding
training in real observations.
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The world model is optimized by maximizing a variational evidence lower bound (ELBO),
which combines three objectives:

1. Reconstruction loss: encourages latent states s; to contain information sufficient to
predict observations oy,

2. Reward prediction loss: ensures s; encodes features relevant for control by predicting
rewards 7y,

3. KL regularization: aligns the posterior gy with the prior py, preventing the stochastic
component from drifting arbitrarily.

Formally, the model loss is written as

+BE|> KLgg(zt | bt on) | po(z | b)) |

t
(3.7)
where (3 is a weight on the KL term. Observation and reward loss terms are marked with ¢
to signify that during model training predictions are based on posterior state distribution.

Luodet = —E | > logqy(or | s:) +log go(rs | st)
¢

For policy and value learning, Dreamer uses imagined trajectories syt iy generated by rolling
out the RSSM in latent space. The actor maximizes the expected value of imagined returns:

Jactor = —E | > _+'V(s1)], (3.8)
t

while the critic learns to approximate those returns:

J. critic = E

> (Vilse) = V(St))2] : (3.9)

t

Here, V (s;) is a multi-step return estimate from rewards predicted by the model, and Vi (st)
is the critic’s prediction of that return.

Crucially, both actor and critic are trained by backpropagation through the imagined
trajectory. This allows the agent to improve its behavior using only latent imagination,
reducing dependence on expensive environment interaction.

An important property of this formulation is that the world model objective can be readily
swapped or extended without altering the overall training pipeline. In practice, the choice of
reconstruction, reward, and KL regularization terms reflects assumptions about which aspects
of the environment should be captured. For example, in visually rich environments, recon-
struction terms may ensure perceptual fidelity. Alternative objectives, such as contrastive
representation learning, auxiliary predictive tasks, or disentangled latent regularization, can
replace or complement the ELBO terms. Since the actor and critic consume only latent states,
they remain compatible with any world model objective, provided it yields a coherent and
generalizable latent dynamics. This modularity makes Dreamer a flexible framework that can
integrate advances in representation learning while retaining its latent imagination mechanism
(Hafner et al., 2020).
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3.5.2. Dreamer-V2 and V3

Dreamer-V2 and Dreamer-V3 extend the original Dreamer framework by refining the world
model and improving its generalization (Hafner et al., 2022; Hafner et al., 2024). Both versions
build on the idea of learning a latent dynamics model through a Recurrent State-Space Model
(RSSM), but introduce changes that increase representational capacity and stability.

Dreamer-V2 (Hafner et al., 2022) reinterprets the world model as a form of sequential
variational autoencoder (VAE). The model jointly learns a prior pg(z; | h:) and a posterior
qs(2t | hi,or) over stochastic latent variables, while a deterministic recurrent state h; en-
sures temporal consistency. Unlike the original Dreamer, Dreamer-V2 employs discrete latent
variables, which improve expressiveness and reduce the tendency of stochastic variables to
collapse. The world model is trained by minimizing a free-energy (variational ELBO) ob-
jective that balances three terms: observation reconstruction, reward prediction, and a KL
divergence aligning prior and posterior distributions. This formulation yields a stronger and
more stable latent representation, which allows the policy and value functions to be learned
entirely from imagined trajectories in latent space. Interestingly, this formulation resonates
with the Free Energy Principle proposed in cognitive science (Friston, 2010), which describes
perception and action as processes of minimizing variational free energy. While Dreamer-V2
employs free-energy minimization in the narrow technical sense of optimizing a variational
evidence lower bound (ELBO), the conceptual overlap highlights a shared theme: both artifi-
cial agents and biological systems can be understood as reducing prediction error by aligning
internal models with external observations.

These improvements enabled Dreamer-V2 to achieve human-level performance on the Atari
benchmark, matching or surpassing leading model-free methods within the same sample bud-
get. The approach demonstrated that imagination-based training can rival purely reactive
reinforcement learning even in visually complex domains.

Dreamer-V3 (Hafner et al., 2024) preserved the sequential VAE formulation but intro-
duced a suite of normalization, balancing, and regularization techniques to make the method
robust across tasks without hyperparameter tuning. With a single fixed set of hyperparame-
ters, Dreamer-V3 was shown to outperform specialized algorithms on more than 150 diverse
environments, including Atari, continuous control, and robotic tasks. Most notably, it became
the first algorithm to solve the Minecraft “diamond” challenge, a long-horizon, sparse-reward
problem requiring thousands of steps of planning and exploration. This milestone highlighted
the scalability of Dreamer’s latent imagination to open-ended and complex environments.

3.5.3. Limitations

Despite their empirical success, Dreamer-V2 and V3 share an important limitation: weak
exploration in sparse-reward settings. Neither variant integrates intrinsic motivation mecha-
nisms such as curiosity or novelty bonuses. As a result, Dreamer agents rely solely on extrin-
sic rewards, which can lead to insufficient exploration when feedback is delayed or deceptive.
This resonates with Schmidhuber’s critique of the Free Energy Principle (FEP) (Schmidhu-
ber, 2010), where he argues that minimizing free energy leads agents to prefer predictability,
not novelty. Dreamer can be seen as embodying a similar limitation: its training objective
emphasizes stable prediction in latent space, which ensures efficient planning but does not
inherently incentivize exploration. As a result, Dreamer agents, much like Friston’s active in-
ference agents, are excellent at “explaining away” prediction errors but lack an intrinsic drive
to seek out novel, learnable patterns. Furthermore, it can be hypothesized that regulariza-
tion of latent posterior distribution toward the prior, although weakened by introduction of
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KL-balancing, may lead to diminished exploratory behavior, as lower exploration may allow
the model to minimize KL-divergence more easily.

Moreover, while the sequential VAE formulation stabilizes training, world model learning
remains fragile in highly stochastic environments, where prediction errors reflect noise rather
than learnable structure (Barsainyan et al., 2025).

3.5.4. InDRiVE: Combining Intrinsic Rewards with Imagination
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Figure 3.3: Latent Disagreement (LD) Reward adapted from Khanzada and Kwon, 2025.
Intrinsic reward ri" is calculated based on variance between next state predictions 8;41 gen-

erated by k independent world models.

To address Dreamer’s exploration limitations, recent work has explored augmenting latent
imagination with intrinsic curiosity signals. The InDRiVE architecture (Khanzada and Kwon,
2025) builds directly on the Dreamer-V3 framework but introduces an initial exploration-
driven phase. Here, extrinsic rewards are withheld, and the agent is trained solely on intrinsic
signals derived from world model uncertainty. An ensemble of RSSMs predicts the next latent
state, and the variance among their predictions is used as an intrinsic reward. This “latent
disagreement” encourages the agent to explore uncertain and potentially informative regions
of the environment.

After this intrinsic pre-training phase, extrinsic rewards are introduced, and the policy is
fine-tuned to optimize task-specific objectives. This two-phase training procedure mitigates
Dreamer’s weakness in sparse-reward environments and has been shown to yield more robust
exploration and better sample efficiency. In experiments, INDRiVE achieved higher success
rates in autonomous driving tasks compared to Dreamer-V2 and V3, while requiring signif-
icantly fewer training steps. Notably, it is the first study to train an ego-vehicle exclusively
with intrinsic signals, demonstrating that uncertainty-driven exploration alone can produce
a versatile, task-agnostic world model. The ease of fine-tuning suggests that InDRiVE may
produce somewhat more general and robust representations, possibly aided by serendipitous
discovery effects as discussed by Kumar et al., 2025. However, this connection is speculative,
as the authors did not evaluate it directly, and further research would be needed to confirm
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such dynamics.
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Chapter 4

Experiments

4.1. Method

4.1.1. Training environment

The experiments in this work were conducted using the MiniGrid library (Chevalier-Boisvert
et al., 2023), a lightweight collection of reinforcement learning environments implemented
within the OpenAI Gym interface (Towers et al., 2024). MiniGrid provides grid-world tasks
with a discrete, low-dimensional observation space and a configurable degree of partial ob-
servability, making it suitable for testing exploration and sample-efficiency of RL algorithms.
The library includes a range of benchmark tasks, from simple navigation problems to more
complex multi-room mazes, which are made available through a set of default registered envi-
ronments. These environments are widely used in the literature as standardized benchmarks
for evaluating exploration strategies due to their controlled complexity and sparse reward
structure suitable for research of exploration. BabyAl environments are a special subset of
MiniGrid environments that were originally designed for research of human-in-the-loop train-
ing regimen utilizing basic language comprehension (Chevalier-Boisvert et al., 2019). Apart
from the default 7x7 RGB view of the grid and information about the agents’ view direction,
BabyAl environments contain instructions that define the goal of the task at hand. As my
work is not focused on instructions comprehension and all agents were trained to perform in
single environment, the textual data was ignored during the training phase. In addition, for
simplicity of feature extraction, the directional information was also stripped as it was not
crucial for navigating the static environment.

MiniGrid environments are varied in exploration difficulty and in terms of planning hori-
zons required to successfully accomplish the tasks. As an example "BabyAl-Unlock-V0” re-
quires visiting multiple separate rooms and opening specific doors in correct order. In prelim-
inary experiments, 10 default environments were evaluated on the difficulty of exploration.
Out of them, 2 ("BabyAI-KeyCorridorS3R1-v0”, "BabyAI-FindObjS7-v0”) were selected for
further analysis as their difficulty allowed for short training times using limited computational
resources. For all environments a single random instance controlled with random seed was
used for all trainings in order to assure that all agents perform exactly the same task.

Exploration performance was measured based on minimum number of training steps re-
quired to reach optimal policy for a given task. Policy was evaluated based on average number
of steps required to successfully perform the task in a single episode, the threshold for optimal
policy depends on the task. If a model is unable to reach optimal policy in less than 1,000,000
steps, then its results are clipped to 1,000,000.
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(a) Unlock (b) Pick above

(c) Find Object (d) Key Corridor

Figure 4.1: Example MiniGrid environments. "Key Corridor" was used in weight update skip
experiment, "Find Object" was used in PPO/PPO+ICM/PPO-+RND experiment.

4.1.2. Model architecture

All agents use a Proximal Policy Optimization (PPO) backbone with separate actor and critic
heads on a shared visual encoder (Schulman et al., 2017). The Intrinsic Curiosity Module
(ICM) (Pathak et al., 2017) and Random Network Distillation (RND) (Burda, Edwards,
Storkey, and Klimov, 2018) are integrated as optional, parallel modules that emit intrinsic
rewards; PPO remains the sole policy optimization algorithm (ICM is used with PPO here
instead of its original A3C pairing).

Image observations from MiniGrid/BabyAl are processed by a lightweight convolutional
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encoder:

Conv(C'—16, 2x2) — ReLU — Conv(16—32, 2x2) — ReLU —
Conv(32—64, 2x2) — ReLU — Flatten — Linear(-—64) — ReLU.

The resulting 64-dimensional feature vector feeds two linear heads: a categorical policy
head (discrete actions) and a value head.

ICM (world-model curiosity). ICM has its own copy of the visual encoder (parameters
not shared with PPO). It comprises of an inverse dynamics model and a forward model both
implemented as two-layer MLPs with ReLU and width 64. Training minimizes ICM loss and
provides intrinsic reward as described in previous chapter.

RND also uses an encoder separate from PPO. A frozen random target network 7" and a
trainable predictor P share the same architecture (encoder — MLP 64—64—64 with ReLU).

4.1.3. Experimental setup

In preliminary experiments PPO agents were compared to PPO + ICM agents.

In the second experiment, a training procedure was designed to measure the impact of
world model accuracy on exploration performance. ICM weight updates were systematically
skipped according to the parameter skip _prob € [0, 1]. With values closer to 1, weight updates
were skipped more frequently, leading to slower adaptation of the world model, whereas values
closer to 0 resulted in nearly continuous updating. This manipulation created a controlled gra-
dient of model accuracies, enabling an investigation of how different levels of predictive power
influence the policy’s ability to explore and solve tasks efficiently. "BabyAl-KeyCorridorS3R1-
v(0” environment was utilized for this experiment as it is simple enough to allow fast training
times, yet difficult enough to require extensive exploration capabilities. In order to success-
fully perform designated task agents must open the violet door, pick up the key, open the
locked blue door, drop the key, and lastly pick up the red ball. As corridor has limited space
and agents cannot pass through objects, a perfect sequence of actions intertwined with careful
movement must be performed to succeed.

4.1.4. Training parameters and hardware

Agents were trained for 1,000,000 environment steps with PPO, PPO+ICM, or PPO+RND
using the hyperparameters in Table 4.1. PPO used a small CNN feature extractor with linear
actor and critic heads. PPO-+ICM added a separate CNN encoder and two MLPs for the
inverse and forward models, while PPO+RND used a predictor network trained against a
fixed random target network.

All environments had maximum episode length 400 steps, discrete actions, and a fixed
random seed of 42. BabyAl instructions and directional input were ignored.

Experiments were run on a workstation with an AMD Ryzen 7 5800H CPU and an NVIDIA
GeForce RTX 3070 GPU. Eight agents were trained in parallel, with training times ranging
from 15 minutes to 2 hours depending on task and convergence speed.
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Table 4.1: Training and hyperparameter settings for PPO, PPO-+ICM, and PPO+RND.

General PPO Settings

Environment steps 1,000,000
Rollout steps 1,024
Epochs 100
Minibatch size 1,024
Discount factor 0.99
Clipping parameter € 0.2
Entropy coefficient 0.01
Value loss coefficient 0.5
Optimizer Adam
Actor learning rate 3x107*
Critic learning rate 1073
Feature extractor learning rate 1073
PPO+ICM Specifics

ICM learning rate 1073
Forward model loss weight 0.2

Inverse model loss weight (1 —3) 0.8

Intrinsic reward scale 7 0.002
PPO-+RND Specifics

Predictor learning rate 1073
Intrinsic reward scale n 0.2

4.2. Results

4.2.1. Preliminary experiment

Before running the main experiments, a set of ten MiniGrid and BabyAl environments was
evaluated in order to identify tasks of appropriate difficulty for studying exploration. The
selection included a spectrum from very simple navigation problems (MiniGrid-Empty-16x16-
v0, MiniGrid-LavaCrossingS9IN1-v0, BabyAI-PickupAbove-v0) to more complex multi-room
tasks requiring sequential reasoning and long-horizon planning (BabyAI-Unlock, BabyAlI-
UnlockLocalDist, and BabyAI-KeyCorridor-S3R2/S3R3/S6R3).

Results showed that:

e In the simplest environments, exploration modules (ICM, RND) were unnecessary. PPO
alone reliably solved the tasks faster, since intrinsic bonuses distracted from exploiting
already dense reward signals.

e In the hardest environments, none of the agents (PPO, PPO+ICM, PPO+RND) were
able to solve the tasks within one million environment steps. These tasks required
exploration horizons that were beyond the feasible training budget.

e Two environments, BabyAI-FindObjS7-v0 and BabyAI-KeyCorridorS3R1-v0, struck a
useful middle ground: sufficiently challenging to require systematic exploration, yet
solvable within the allocated computational resources. These were selected for the main
experiments reported in the following sections.

In addition, the preliminary runs were used to tune the intrinsic reward coefficient 7, which
scales the contribution of intrinsic bonuses relative to extrinsic rewards. Through trial-and-
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error, a value of n = 0.002 was found to yield stable learning for ICM with large magnitude
errors and n = 0.2 for RND. This weighting makes intrinsic rewards five times less influential
than extrinsic ones, ensuring that curiosity signals guide exploration without overwhelming
the task objective.

4.2.2. Plain PPO, RND and ICM comparison experiment

The second experiment compared the performance of plain PPO agents with two curiosity-
augmented variants: PPO+RND and PPO+ICM. Two MiniGrid environments were selected
for evaluation: "BabyAI-KeyCorridorS3R1-v0” and "BabyAI-FindObjS7-v0”. These environ-
ments differ substantially in exploration difficulty. In Key Corridor, the task is solved by
retrieving a ball placed behind two doors, requiring the agent to collect, use, and drop a key
in the correct order. In contrast, Find Object requires navigating multiple rooms and picking
up a specific object, posing a significantly harder challenge due to long horizons and lack of
intermediate rewards.
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Figure 4.2: Comparison of PPO, PPO-+RND, and PPO+ICM agents across two environments.
In Key Corridor, most runs solved the task, with differences in sample efficiency. In Find
Object, overall success rates were very low.

As shown in Figure 4.2, curiosity mechanisms significantly improved exploration in Key
Corridor. Both PPO+ICM and PPO+RND agents converged to optimal policies much faster
than plain PPO, with RND showing the most consistent sample efficiency. In Find Object,
however, the results reveal the limitations of these methods. Plain PPO never solved the task
across runs, PPO-+RND succeeded only once out of five trials, and PPO+ICM twice. This
low success rate reflects the difficulty of exploration in environments that require searching
through multiple rooms without any shaping signals.

Interestingly, RND’s effectiveness diminished in Find Object because its intrinsic rewards
quickly lost magnitude after the predictor network adapted to the simple statistics of the
environment. In contrast, ICM maintained a stronger exploratory drive, but even here, the
absence of dense feedback and the extended planning horizon made solving the task rare.
These results highlight that while curiosity modules improve sample efficiency in moderately
difficult environments, they remain insufficient for harder exploration problems requiring long-
term memory and structured exploration.
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4.2.3. Weight update skip experiment

Figure 4.3 illustrates three representative learning trajectories for "Key-Corridor-S3R1-v0"
task. The green trace shows a failure case in which the agent does not discover a successful
policy and episode lengths remain near the upper bound for most of training. The blue trace
exemplifies a local minimum: after partial improvement, performance plateaus at ~ 30 steps
and fails to cross the optimal-policy threshold (22 steps) for roughly 8.5 x 10° simulation steps.
By contrast, the orange trace demonstrates rapid convergence: once informative exploratory
behavior is discovered, mean episode length drops steeply and stabilizes at the optimal level.
These examples clarify the qualitative modes underlying the aggregate analyses (regressions
and distributions): non-convergence, suboptimal plateaus, and efficient convergence. Notably,
two runs remained at local minimum for 8 x 10° to 9 x 10° steps. Most of the runs followed
the trajectory of quick convergence occurring at different stages of training with quickest runs
solving the optimal policy with 60 000 simulation steps.
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Figure 4.3: Three illustrative training runs in Key Corridor. y-axis: mean episode length
(lower is better; max = 400). z-axis: simulation steps (not episodes). The horizontal red line
marks the optimal-policy cutoff at 22 steps. Green: a run that fails to learn (episode length
remains high). Blue: a run trapped in a local minimum around 30 steps for ~850,000 steps.
Orange: a run that converges quickly once exploratory reward is found.

To better understand the mechanism underlying the relationship between update proba-
bility and exploration, Figure 4.4 shows how ICM prediction error evolved during training.
Agents with high update probability (p = 0.5,0.8,1.0) rapidly decreased their prediction er-
ror, reflecting fast adaptation of the world model. By contrast, agents with lower update
probability (p = 0.2,0.3) maintained elevated error levels over extended periods, indicating
slower learning and weaker predictive capacity. The trajectory for p = 0.0 illustrates the
baseline, where prediction error remained consistently low due to the absence of updates, but
at the cost of failing to capture novel structure in the environment. Together, these results
confirm that update frequency directly shapes the quality of the world model and thereby
the exploratory capacity of the agent. Notably, error seems to decrease with higher update
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probability with lowest error achieved at p = 1. This however is not directly correlated with
increased exploratory performance, that seems to reach optimal error at lower probabilities
p=20.51t00.9
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- update p=0.2
44 update p=0.3

update p=0.5
= update p=0.8
— update p=1.0

Intrinsic reward (proxy for prediction error)

0.0 0.2 0.4 0.6 0.8 1.0
Simulation steps le6

Figure 4.4: ICM prediction error (approximated by intrinsic reward) over training across
world model update probabilities. Curves show the mean across seeds; shaded bands indicate
interquartile range. Agents with higher update probability (p = 0.8,1.0) reduce prediction
error more rapidly, while agents with lower update probability (p = 0.2,0.5) sustain higher
error levels for longer, consistent with slower adaptation of the world model.

Two regression models were fitted to examine the effect of world model update probability
on the number of steps required to reach an optimal policy. Quadratic terms were included
to test hypothesis stating that improvements of world models will have diminishing effects.
Diminishing returns would lead to U-shaped function that decreases number of states needed
to learn policy until optimal level of world model learning is achieved, after that number
of states needed would start to go up signifying diminishing effect of further world model
learning.

First, using the untransformed dependent variable, both the linear (8 = —9.90 x 10°,
p = .008) and quadratic (3 = 9.11 x 10°, p = .014) terms were statistically significant. This
indicates that increasing the probability of updating world model weights accelerates policy
learning up to a point, after which the benefit diminishes. The model explained approximately
12% of the variance (R? = .122), and residuals showed marked positive skew.

Second, to reduce skewness, the dependent variable was log-transformed. In this specifi-
cation, the linear effect remained significant (5 = —2.47, p = .017), while the quadratic term
showed only a marginal trend (8 = 1.86, p = .067). This suggests that the primary effect of
increased weight updating is to reduce solution time, with weaker evidence for diminishing re-
turns. Model fit was slightly better (R? = .142), and residual diagnostics indicated acceptable
normality.

As shown in Figure 4.5, plotting the fitted quadratic curve against the observed data
illustrates the general trend: policies are learned faster when the world model is updated
more frequently, but the magnitude of improvement decreases at higher update probabilities.
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Table 4.2: Regression of steps-to-solution on world model update probability.

Predictor

b (SE)

95% CI P

Model 1: Steps (raw)

Intercept 464,500 (71,700) [321,000, 608,000] < .001
Weight update probability — -989,700 (358,000) [-1,710,000, -272,000]  .008

Weight update probability? 910,500 (357,000)  [195,000, 1,630,000] .014

R? 122

Adj. R? .090

N 59

Model 2: In Steps

Intercept 12.85 (0.20) [12.45, 13.25] <.001
Weight update probability -2.47 (1.00) [-4.48, -0.46] 017

Weight update probability? 1.86 (1.00) [-0.14, 3.87| .067

R? 142

Adj. R? 111

N 59

Note. Unstandardized coefficients (b). SE = standard error. 95% confidence intervals computed
as b £ 1.96(SE). Dependent variable: steps until optimal policy solved. Two-tailed p values.

le6
1.0 - . L]
o
° (]
0.8
=
a
=2
(=]
w
o 0.6
= @ ® Observed
2 ® — Fitted (quadratic)
IS
=
w 0.4 1
(=N
Xz
[1y]
0.2 1
el (e}
® o 0 0 g ° ® o ®
@ (]
0.0 0.2 0.4 0.6 0.8 1.0

Probability of weight updates

Figure 4.5: Quadratic regression of steps-to-solution on world model update probability. The
red curve represents the fitted quadratic model; points indicate observed runs.

4.3. Discussion

The experiments reported in this thesis examined the relationship between the predictive
accuracy of world models and exploration performance in reinforcement learning. Two main
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observations emerge. First, curiosity-driven methods such as ICM and RND substantially
improve exploration compared to plain PPO in moderately difficult environments (e.g., Key
Corridor), but struggle in tasks that require extended horizons and sparse feedback (e.g., Find
Object). Second, systematic manipulation of world model update frequency revealed that
increasing predictive accuracy generally accelerates learning, but with diminishing returns.
Regression analyses confirmed a significant linear benefit of more frequent updates, while the
quadratic term indicated that improvements plateau at higher levels of accuracy.

One possible explanation for this diminishing effect is the relative simplicity of the chosen
environment. In Key Corridor, the world model quickly achieves a sufficient level of predictive
competence; beyond this point, additional accuracy yields little novel surprisal signal to guide
exploration. As a result, the intrinsic reward diminishes and exploration stalls, even though
the world model continues to improve. This dynamic reflects the theoretical concern raised
by Schmidhuber: if predictions are too poor, everything appears novel and the intrinsic signal
is uninformative; if predictions are too precise, no novelty is detected and exploration halts
(Schmidhuber, 1991). Efficient exploration therefore requires a balance between predictive
accuracy and surprisal, where prediction error remains meaningful without collapsing into
either noise or triviality.

Taken together, the findings highlight the central role of predictive error not only as
a technical signal for curiosity-driven exploration, but also as a conceptual bridge between
reinforcement learning and cognitive science perspectives on adaptive behavior.

4.4. Future Research

This work highlights a narrow but consequential link between world—model accuracy and ex-
ploration performance. A broader research agenda—spanning three traditions of world—model
use in RL—could yield larger gains:

The introductory theoretical analysis suggests that intrinsic rewards, learning from imag-
ined trajectories and decision-time planning should be studied jointly rather than in isolation.
Promising directions include: (a) intrinsic pretraining to shape world-model representations,
followed by imagination-based policy learning (Dreamer-style) and (b) selectively invoking
decision-time search when model uncertainty or disagreement crosses a threshold. A key
open problem is how to regulate surprisal, and assure that novelty signals are sourced from
meaningful representations. In general studies of representation learning should more closely
combine their findings with research of novelty signals. Perhaps an undiscovered method for
representation learning would allow continuous extraction, compression and learning of novel
patterns.

Complementary to reward design is the quality of internal representations. The Fractured
Entangled Representation (FER) hypothesis (Kumar et al., 2025) predicts that gradient-based
optimization often yields entangled, brittle features; by contrast, Unified Factored Represen-
tations (UFR) would be sparse, modular, and symmetry-aware. Future work should couple
curiosity-driven training with diagnostics for factorization and evaluate whether objective-
less or weakly objective-guided exploration via intrinsic reward reliably pushes models toward
UFR, compared to purely extrinsically motivated approaches. Possibly an experiment can be
conducted whether world models or policy trained on purely intrinsic rewards allows more
unified-factored representations compared to models based on extrinsic rewards. If intrinsic
exploration allows serendipitous discovery, then hypothetically it could serve as a practical
route to more generalizable world models. More efficient representations would also make
learning novel patterns easier, combining this with a source of a good novelty signals might
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bring us closer to life-long learning systems that allow learning novel patterns at varied levels
of abstraction.
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