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Abstract

The ability to generalize knowledge across novel situations is a defining feature of
human intelligence. DeepMind’s landmark results on Atari games exposed a reveal-
ing paradox: deep reinforcement learning agents can achieve superhuman scores yet
collapse entirely when trivial changes are introduced to the environment. These
systems do not learn in any meaningful sense; they optimize fragile heuristics over
raw pixel statistics. As Melanie Mitchell and others have argued, such models lack
an internal world model; a structured, causal representation of how objects behave
and interact, and this absence is precisely what makes them brittle. The opacity of
these systems is not merely an aesthetic limitation. When a neural agent cannot
articulate why it acts as it does, it cannot be corrected or trusted in high-stakes set-
tings. In a black-box model, there is no reasoning process to expose. There is only
pattern matching, and pattern matching without structure that cannot generalize.
The black box problem and the brittleness problem are, at root, the same problem.

This thesis takes a different path. Rather than training a network to approximate
behavior from vast amounts of data, the proposed framework actively constructs ex-
plicit, human-readable models of environment dynamics directly from video streams.
The system begins anonymous visual patches, without pre-defined object categories.
The patches are identified solely by fundamental properties such as position and
shape which the systems tracks over time using heuristics grounded in Core Knowl-
edge; the fundamental cognitive primitives that underlying human physical reason-
ing from early infancy. Through rule inference, the system identifies causal regulari-
ties in object behavior, reconstructing the underlying mechanics of the environment
as a set of interpretable symbolic rules. Every inferred rule can be read, inspected,
and understood. As these rules are abstract and encode causal relationships rather
than simple perceptual features, they can, in principle, be transferred across differ-
ent environments. The system does not lose its understanding when encountering a
new context; instead, it retains and adapts its symbolic model. This contrasts with
deep learning models, whose learned weights are entangled with the specific sensory
statistics of the training data and cannot be meaningfully reused. The structured
representations produced by this framework are therefore portable across related
environments without retraining, mirroring how humans transfer physical intuitions
from one context to another.

The symbolic world model is further integrated with a reinforcement learning
agent through a domain-agnostic environment wrapper, enabling the agent to be re-
warded for generating causally coherent interactions rather than optimizing a hand-
crafted objective. Evaluated on Atari-inspired environments, this intrinsic causal
reward drives the agent to near-optimal performance and, crucially, the learned
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policy remains stable under structural perturbations including changes in object
size, brick count, and visual appearance applied without any retraining. The same
framework transfers to a second domain without architectural modification.

Together, these results suggest that interpretability and competence are not
in tension, but they are complementary. A system that reasons causally about
its environment can act effectively and explain itself, generalizes where black-box
models fail, and lays the groundwork for AI that reasons about the world in a
genuinely human-like way. The framework opens concrete research directions in
autonomous surveillance, human-computer interaction, healthcare monitoring, and
robotics, wherever trustworthy, transparent decision-making matters.
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1 Introduction

In recent years, artificial intelligence has achieved remarkable progress, driven by
dedicated research, increased computational power, and the availability of vast
amounts of data. Deep learning models have produced outstanding results across
a variety of domains [1], from natural language processing and video generation to
drug discovery and genomics, occasionally surpassing human performance in specific
tasks. These achievements are impressive, yet they also highlight intrinsic limita-
tions. Despite their ability to solve specific problems, deep learning systems often
lack a genuine understanding of the world: they learn statistical patterns without
forming explicit internal models that represent concepts, hierarchies, or causal rela-
tionships. Moreover, most models exhibit limited generalization and brittle behav-
ior, requiring fine-tuning or retraining when the environment changes even slightly.
Their opacity further prevents interpretability, which constrains the deployment of
AI in domains where reliability and accountability are critical, such as medicine or
economics. Motivated by these challenges, this thesis explores the development of a
cognitively inspired framework capable of constructing structured and interpretable
representations of dynamic environments. The research investigates how to extract
symbolic knowledge from raw perceptual input, manage ambiguity and uncertainty
in object tracking and interaction modelling, and employ intrinsic motivation to
guide adaptive behavior without relying on task-specific rewards. A key goal is to
abstract object classes and interaction rules, enabling the system to generalize across
environments and transfer learned knowledge to new contexts. The framework is
not intended to compete with state-of-the-art performance in specific tasks; rather,
it aims to lay the foundations for AI systems that are robust, interpretable, and
capable of human-like reasoning about interactive environments.

The main contributions of this work are fourfold. First, it proposes a cogni-
tively inspired architecture that integrates visual perception, symbolic reasoning,
and reinforcement learning into a coherent pipeline. Second, it introduces a struc-
tured symbolic representation, extracting persistent objects and inferring generalized
interaction rules to form an interpretable internal world model. Third, it incorpo-
rates a composite intrinsic motivation mechanism, combining event detection, causal
impact estimation, and curiosity-driven exploration to promote adaptive behavior
without predefined rewards. Finally, the framework emphasizes generalization, ab-
stracting object classes and symbolic rules potentially enabling knowledge transfer
across different environmental contexts.

The thesis is organized to guide the reader from background to implementation
and evaluation. The following chapter reviews the state of the art in deep rein-
forcement learning, object-centric and neuro-symbolic approaches, and intrinsic mo-
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tivation. Chapter 3 introduces the theoretical foundations, including insights from
Core Knowledge theory and cognitive science that inform the framework. Chapter
4 and 5 presents the design and architecture of the system, detailing perception,
object reconstruction, symbolic rule inference, and reinforcement learning integra-
tion. Chapter 6 describes the experimental evaluation in simplified two-dimensional
arcade-like environments and analyses the results. Finally, Chapter 7 concludes
the thesis by summarizing the key contributions and implications of the study and
discusses the findings, highlights limitations, and outlines directions for future work.
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2 Theoretical Background

The field of artificial intelligence has undergone deep transformations since its in-
ception,evolving through distinct paradigms that reflect different philosophical and
technical approaches to machine intelligence. This chapter provides the theoretical
foundations necessary to understand the framework proposed in this thesis, explor-
ing the evolution of learning paradigms in AI, some techniques of visual perception
and the principles underlying symbolic reasoning and reinforcement learning.

2.1 The Evolution of Learning in Artificial Intel-
ligence

2.1.1 Artificial Intelligence Paradigms

The history of artificial intelligence is characterized by the emergence and evolution
of three major paradigms, each representing a distinct approach to providing ma-
chines the human-like reasoning abilities.
The symbolic paradigm, dominant from the 1950s through the 1980s. This paradigm
was grounded in the hypothesis that human intelligence could be replicated through
the manipulation of symbols, according to logical rules, to perform reasoning tasks.
The systems built on this paradigm operated on explicit knowledge representations,
using formal logic and rule-based reasoning to solve problems. These systems are
grounded in formal logic and manually designed rule sets. Classic examples include
expert systems such as MYCIN and Deep Blue, as well as semantic networks and
logic programming frameworks [2]. They are capable of performing reasoning tasks
and have achieved notable success in constrained domains where knowledge can be
explicitly encoded. However, the symbolic paradigm faced significant limitations
due to its high reliance on manually encoded knowledge. Indeed, when faced with
tasks requiring pattern recognition, learning from experience, the management of
uncertainty or incomplete information, it suffered from brittleness [2, 3].

These challenges gave rise to the connectionist paradigm, which gained promi-
nence in the late 1980s and experienced a resurgence in the 2010s with the advent
of deep learning [4]. Inspired by the structure and function of biological neural
networks, connectionist systems learn representations directly from data through
training processes that adjust connection weights between artificial neurons [4, 5].
This paradigm has achieved remarkable success in tasks such as image recognition,
natural language processing and game playing, often surpassing human-level perfor-
mance in specific domains [1]. Their capacity for robust and interpretable reasoning

8



remains limited. Deep learning still struggles with structured reasoning, causal
inference and factual consistency. Despite the impressive capabilities of neural net-
works, their operation and internal representation often lacks transparency, giving
rise to what is commonly referred to as the "black box problem” [3], which limits
interpretability, accountability and trust. Indeed, many of these approaches compro-
mised interpretability and relied on strong assumptions. Moreover, they lacked the
rich semantic expressiveness characteristic of symbolic systems. These limitations
provide strong motivation for integrating neural and symbolic paradigms.

In short, symbolic systems excel at reasoning but lack at perception, while neural
networks excel at perception but struggle with reasoning [2]. This limitation has
motivated the emergence of a hybrid paradigm, which seeks to combine the learn-
ing capabilities of neural networks with the interpretability and reasoning power of
symbolic systems. Neuro-symbolic AI represents this third wave, aiming to bridge
the gap between data-driven learning and knowledge-based reasoning as well as
between logic-based inference and gradient-based learning. By integrating these
paradigms, it aims to potentially offer systems that are both powerful and explain-
able [6]. Neuro-symbolic methods have demonstrated significant promise across a
wide range of application areas, especially in scenarios that demand the combina-
tion of data-driven learning and structured symbolic reasoning [6]. This emerging
paradigm reflects a synthesis of complementary approaches, bringing together the
statistical strengths of deep learning, the formal foundations of symbolic logic and
the adaptability of large-scale pretrained models.
Nonetheless, several important challenges remain. These include:

• Ensuring compatibility between the discrete symbolic structures used in sym-
bolic approaches and the continuous vector representations typical of neural
networks.

• Enabling the model to dynamically learn, adapt, modify, and refine logical
rules.

• Achieving an optimal balance between system complexity and computational
efficiency.

• Addressing the absence of unified architectural frameworks by developing a
general architecture that systematically and reproducibly integrates neural
and symbolic components.

Although several challenges persist, neuro-symbolic AI is widely regarded as
a promising direction for developing systems capable of transparent, reliable and
generalizable reasoning.

2.1.2 Symbolic and Hybrid Approaches in Artificial Intelli-
gence

Symbolic AI operates on the principle that intelligence can be reduced to the manip-
ulation of symbols representing concepts, objects and relationships. The knowledge
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in symbolic systems is typically encoded using various representation schemes, in-
cluding production rules, semantic networks, frames and logical predicates. These
representations enable explicit reasoning processes such as deduction, induction and
abduction, allowing systems to draw inferences, explain their decisions and incor-
porate domain knowledge provided by human experts. The advantages of symbolic
approaches include interpretability, ability to incorporate prior knowledge and sup-
port for logical reasoning and explanation. However, they also present significant
challenges: knowledge acquisition bottleneck, brittleness when facing situations not
covered by explicit rule and difficulty in learning from raw sensory data. The man-
ual encoding of knowledge is intensive and may not capture the full complexity
of real-world domains [2]. Hybrid approaches seek to overcome these limitations
by integrating symbolic and connectionist methods. Various integration strategies
have been proposed, including systems where neural networks generate symbolic
representations that are then processed by reasoning engines, architectures that em-
bed symbolic knowledge into neural network structures and frameworks that use
symbolic reasoning to guide neural learning processes [6]. Recent work in neuro-
symbolic AI has demonstrated promising results in domains requiring both pat-
tern recognition and logical reasoning, such as visual question answering, knowledge
graph completion, and program synthesis. Following the advent of neuro-symbolic
artificial intelligence, a paradigm shift has been induced in the way machines learn.
This approach combines deductive, rule-based learning, typical of symbolic artificial
intelligence, with the inductive and pattern-recognition capabilities characteristic
of neural networks. The result is a hybrid approach that leverages the strengths
of both domains, leading to a more comprehensive learning methodology. Neuro-
symbolic concepts demonstrate strong compositional generalization: new concepts
can be created by structurally combining previously learned or existing ones [7].
This compositionality naturally allows for a decomposition of the learning problem,
in order to learn and recognize basic concepts. During the inference phase, these
concepts can be recombined to achieve the objectives of more complex tasks. Neuro-
symbolic AI is one of the most exciting directions in AI research today. It aims to
create intelligent systems capable of learning and reasoning like humans.

2.1.3 Reinforcement Learning: Learning Through Experi-
ence

Reinforcement learning (RL) represents a distinct learning paradigm in which an
agent learns to make decisions by interacting with an environment. Unlike super-
vised learning, which requires labeled training data, or unsupervised learning, which
seeks to discover patterns in unlabeled data, reinforcement learning is based on the
principle of learning from the consequences of actions through trial and error [8].
The agent takes actions, observes their consequences, and receives feedback in the
form of rewards. At the beginning of learning, an agent may have limited or no prior
knowledge of the environment. In model-free approaches, no explicit model is avail-
able, and learning relies entirely on interaction. In contrast, model-based methods
assume a known model or aim to learn it explicitly. This flexibility makes rein-
forcement learning suitable for complex environments, where providing a complete
dataset or manually specifying optimal behavior is impractical. The core structure
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of Reinforcement Learning is modelled through a Markov Decision Process (MDP),
which provides a mathematical framework for sequential decision-making [8]. An
MDP is defined by a finite or continuous set of states representing the possible
situations an agent can encounter, a set of actions available to the agent and a tran-
sition function that specifies the probability of moving from one state to another
after taking a particular action. Additionally, a reward function assigns numeri-
cal feedback to each state-action pair, quantifying the immediate benefit of a given
choice. By observing the current state, selecting an action, and receiving a reward
and a new state, the agent incrementally improves its decision-making strategy [9].
Over time, the agent aims to learn an optimal policy, which is a strategy mapping
states to actions. The goal of this policy is to maximize the expected cumulative re-
ward across future interactions, balancing short-term gains with long-term benefits
through exploration and exploitation. Several agent design approaches exist, in-
cluding methods based on value estimation and approaches that learn action values
directly, such as Q-learning. More advanced techniques combine different strategies
to improve learning efficiency. Due to its ability to learn from experience, rein-
forcement learning has achieved notable success in domains such as game playing,
robotics, and resource management [9].

2.2 Computer Vision Techniques

Visual perception is fundamental to many AI applications, enabling systems to ex-
tract meaningful information from images and video streams. One of the most
relevant goals of computer vision is to mimic human visual perception. Robustness
is commonly assessed by comparing algorithmic performance to human-level per-
ception under similar conditions. In this context, robustness refers to the ability
to extract task-relevant visual information, even when this information is sparse,
corrupted, or significantly different from a previously observed representation, while
maintaining tolerance to outliers. This section explores both classical and modern
approaches to video analysis and feature extraction.

2.2.1 Classical Techniques for Video Analysis

Before the advent of deep learning, computer vision systems primarily relied on
deterministic techniques and manually engineered features. Traditional algorithms
such as edge detection methods, threshold-based segmentation, and morphologi-
cal processing were widely employed to extract structural information from images.
Later, handcrafted feature descriptors including SIFT [10] (Scale-Invariant Feature
Transform), SURF [11] (Speeded-Up Robust Features), and HOG [12] (Histograms
of Oriented Gradient) were introduced to capture local patterns useful for object
recognition and matching tasks. Although these methods achieved notable suc-
cess, they suffered from several inherent limitations, particularly in their sensitivity
to noise, changes in illumination, and poor generalization across diverse environ-
ments [10]. As a result, significant domain expertise and extensive manual effort
were required to design robust feature representations, which constrained their scal-
ability and adaptability to complex real-world scenarios.
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Originally, computer vision relied heavily on handcrafted features and algorithmic
techniques designed based on understanding of visual perception and signal pro-
cessing. These principles underpin a classical computer vision pipeline, typically
composed of preprocessing, feature extraction, and pattern recognition stages.
Preprocessing techniques include operations such as noise reduction, contrast en-
hancement, and colours space transformations that prepare raw visual data for sub-
sequent analysis. Edge detection algorithms, such as the Canny edge detector and
Sobel operator, identify boundaries between regions with different intensity charac-
teristics, providing fundamental structural information about objects in the scene.
Feature extraction methods in classical computer vision include corner detectors
like Harris corners [13] and FAST [14] (Features from Accelerated Segment Test),
which identify points of interest that can be reliably detected across different views.
Descriptors such as SIFT and SURF provide representations of local image patches
that are robust to changes in scale, rotation, and illumination. These features en-
able tasks such as object recognition, tracking, and image matching. Although these
classical techniques have been largely superseded by deep learning methods in many
applications, they remain valuable in contexts where computational resources are
limited, interpretability is crucial, or training data is scarce. Moreover, the princi-
ples underlying these techniques continue to inform modern approaches and provide
insights into visual perception.

2.2.2 Visual Perception in Dynamic Environments

The analysis of dynamic environments is particularly relevant for applications such
as autonomous navigation, human-robot interaction, video surveillance, and sports
analytics. In the context of video games, which serve as testbeds for this thesis,
dynamic environments present controlled yet complex scenarios where agents must
perceive, reason about, and respond to changing situations in real-time. Under-
standing dynamic environments requires not only processing individual images but
also tracking changes over time and recognizing temporal patterns. Visual per-
ception in such contexts involves several key challenges: detecting and segmenting
objects, tracking their motion across frames, recognizing actions and behaviors, and
predicting future states.
Object detection and segmentation are fundamental capabilities for understand-
ing scenes. Object detection identifies the presence and location of objects within
images, typically using bounding boxes to localize them. Semantic segmentation
assigns a class label to each pixel, providing a more detailed understanding of scene
structure. Instance segmentation combines both tasks, identifying individual object
instances and their precise boundaries.
Temporal reasoning in video analysis requires integrating information across multi-
ple frames. Recurrent neural networks and their variants, such as Long Short-Term
Memory (LSTM) networks [15] , have been widely used to capture temporal depen-
dencies. Three-dimensional convolutional networks extend spatial convolutions into
the temporal dimension, enabling the extraction of spatiotemporal features directly
from video data. In this work, the temporal complexity of video is addressed in
a modular manner, by first extracting spatial features from individual frames and
delegating temporal modeling to subsequent stages.
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2.2.3 Deep Learning for Feature Extraction from Video Streams

The advent of Deep Learning has revolutionized the field of Computer Vision, en-
abling models to automatically learn hierarchical representations of images and en-
abling end-to-end learning of feature representations directly from raw pixel data
through CNNs (Convolutional Neural Networks).

Convolutional Neural Networks for Visual Representation Learning

Convolutional Neural Networks (CNNs or ConvNets) form the foundation of modern
visual recognition systems and represent a major paradigm shift in computer vision.
It enabled models to automatically learn hierarchical representations, directly from
raw data, where lower layers capture low-level features such as edges and textures,
while higher layers represent more abstract concepts and object categories.

Convolutional Neural Networks are designed to process data represented as mul-
tidimensional arrays. These structures include one-dimensional signals such as time
series and language sequences, two-dimensional data such as images, and three-
dimensional data such as videos. The effectiveness of CNNs is rooted in four fun-
damental architectural principles that exploit the compositional nature of visual
data: local connectivity, shared weights, pooling operations, and hierarchical multi-
layer organization. Unlike fully connected networks, each convolutional neuron is
connected only to a local region of the input, significantly reducing the number of
parameters and improving generalization. Weight sharing allows the same convolu-
tional filter to detect a specific visual pattern regardless of its spatial location within
the image.

A typical CNN architecture is organized as a sequence of stages, each composed
of convolutional layers, nonlinear activation functions, such as the Rectified Linear
Unit (ReLU), and pooling layers [1]. In convolutional layers, neurons are grouped
into feature maps, where each map applies a specific filter across the entire input,
producing a representation that highlights the presence of particular local patterns.
Pooling layers are responsible for locally aggregating information, reducing the spa-
tial dimensionality of feature maps and introducing a degree of invariance to small
translations and distortions in the input. The most common operation is max pool-
ing, which selects the maximum value within a local neighborhood. The alterna-
tion of convolution, nonlinearity, and pooling enables the network to progressively
construct increasingly abstract and robust representations. In the visual domain,
low-level features such as edges and orientations are combined into more complex
patterns, which in turn form object parts and ultimately complete objects. This
hierarchical aggregation allows the learned representations to remain stable under
local variations in position, shape, or appearance. In other words, CNNs lever-
age convolutional operations to capture local spatial patterns, which are gradually
combined across deeper layers to form increasingly abstract representations. This
hierarchical learning process allows the network to identify complex visual struc-
tures without relying on manually designed features. The effectiveness of CNNs
was clearly demonstrated in the ImageNet challenge [16], where deep architectures
achieved unprecedented performance, significantly outperforming traditional com-
puter vision approaches. This progress has made it possible to tackle complex tasks
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such as image segmentation, with high accuracy.

Evolution of Deep Architectures for Visual Representation Learning

Architectures for image understanding have evolved considerably since the intro-
duction of AlexNet in 2012 [16]. This model demonstrated the effectiveness of deep
convolutional neural networks trained on large-scale datasets such as ImageNet, sig-
nificantly outperforming traditional computer vision methods and marking a turning
point for deep learning in visual recognition tasks. VGGNet [17] further emphasized
the importance of network depth, showing that stacking small convolutional filters
could improve representational capacity while maintaining manageable computa-
tional complexity. Its simple and uniform architecture also made it a widely adopted
backbone for transfer learning and feature extraction. ResNet [18] addressed one of
the key challenges in training deep networks, namely the vanishing gradient prob-
lem. It introduced residual skip connections, which allow gradients to flow more
effectively through the network. Furthermore, more recent architectures such as Ef-
ficientNet [19] optimize both accuracy and computational efficiency through neural
architecture search.
Video understanding requires architectures that can process temporal information.
Feature extraction from video streams for downstream tasks often involves using
pre-trained networks as feature extractors, transferring knowledge learned on large-
scale datasets to specific applications. The features extracted from intermediate or
final layers of these networks provide rich representations that can be used for tasks
such as action recognition, video classification, and temporal localization of events.
The integration of deep learning with computer vision has enabled unprecedented
performance in visual recognition tasks, but often at the cost of interpretability.
The features learned by deep networks, while effective, do not always correspond to
human-understandable concepts, motivating research into explainable AI and the
integration of symbolic reasoning with learned representations.

From Feature Extraction to Dense Prediction: Semantic Segmentation
Architectures

Early convolutional architectures were primarily developed for image-level classifi-
cation tasks [19]; however, many real-world applications require a more fine-grained
understanding of visual scenes. In particular, tasks such as scene understanding and
environment modelling demand dense, pixel-level predictions, where each pixel is as-
signed a semantic label rather than a single global class. This shift in objectives led
to the development of semantic segmentation architectures, which extend the princi-
ples of convolutional feature learning to dense prediction problems. A key milestone
in this evolution is represented by Fully Convolutional Networks (FCNs) [20], which
replace fully connected layers with convolutional ones, enabling networks to pro-
cess images of arbitrary size and produce spatially structured outputs. Building
upon this idea, the U-Net architecture [21] introduced an encoder-decoder structure
specifically designed to preserve spatial precision while leveraging deep hierarchical
features. The encoder progressively extracts abstract visual representations through
convolution and pooling operations, while the decoder reconstructs a dense segmen-
tation map by restoring spatial resolution. A defining characteristic of U-Net is the
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use of skip connections between corresponding encoder and decoder layers. These
connections allow low-level spatial information to be directly combined with high-
level semantic representations, mitigating the loss of fine-grained details caused by
repeated downsampling. As a result, U-Net achieves accurate boundary localiza-
tion while maintaining strong semantic consistency [21]. Due to its effectiveness,
architectural simplicity, and ability to perform well even with limited training data,
U-Net and its variants have been widely adopted across domains, including medi-
cal imaging, robotics, and video game analysis. In particular, U-Net-based models
are well suited for environments characterized by structured layouts and clearly
defined visual entities, making them a natural choice for perceptual preprocessing
in dynamic 2D environments and an effective perceptual backbone for downstream
reasoning and decision-making systems.

2.3 Knowledge Representation and Reasoning

The ability to represent knowledge in a structured, manipulable form and to perform
reasoning over such representations is central to artificial intelligence. The knowl-
edge representation and reasoning concerned with how knowledge about the world
can be formally encoded and manipulated in order to support intelligent behavior.
Its primary goal is to design representational formalisms that enable artificial sys-
tems to draw logical conclusions, explain their decisions, and reason consistently
about complex domains. As emphasized in classical AI literature, effective knowl-
edge representation must balance expressive power, computational efficiency, and
interpretability [22]. This section examines approaches to symbolic knowledge rep-
resentation and their role in building interpretable AI systems.

2.3.1 Symbolic Representations

Symbolic knowledge representation is based on discrete symbols that explicitly en-
code concepts, entities, and their relationships. This approach stems from a cogni-
tive perspective according to which human reasoning relies on symbolic manipula-
tion, a view that profoundly shaped early artificial intelligence research [23]. Due to
both the representations and the inference mechanisms operate on explicit symbols,
symbolic systems closely mirror human modes of reasoning and are therefore inher-
ently interpretable. These representations are commonly employed to structure data
and metadata, where the semantic meaning of each symbol must be carefully defined
and considered during information analysis. Furthermore, since human communi-
cation relies predominantly on the use of symbols, symbolic representations also
play a fundamental role in the study and analysis of natural language. Symbolic
representation involves encoding knowledge using discrete symbols and the relation-
ships between them. Unlike distributed representations in neural networks, where
meaning emerges from patterns of activation across many units or is distributed
across numerical parameters, symbolic representations explicitly denote concepts
and their properties, encoded in well-defined structures. Each symbol has a clear
semantic interpretation, which makes symbolic representations particularly suitable
for reasoning, explanation, and the integration of expert knowledge [24].
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2.3.2 Semantic Networks

Semantic networks are graph-based models designed to organize, and represent
knowledge, through interconnected nodes and labeled edges. In this context, nodes
correspond to concepts, objects, or entities, while edges denote semantic relations
between them, such as is-a (classification), part-of (composition), or associative
links. This structure allows knowledge to be represented in a way that mirrors con-
ceptual organization, making relationships explicit and visually interpretable. One
of the central advantages of semantic networks is their ability to represent taxonomic
hierarchies. Through hierarchical relations (e.g., canary → bird → animal), proper-
ties associated with more general categories can be inherited by more specific ones.
For instance, if the concept bird is associated with the property has wings, that
property can automatically be inferred for canary without being redundantly speci-
fied. This mechanism, known as inheritance reasoning, supports efficient knowledge
organization and reduces duplication. From a cognitive perspective, semantic net-
works were strongly influenced by early models of human memory and conceptual
organization. A foundational contribution was provided by M. Ross Quillian (1968),
who proposed semantic memory models structured as hierarchical networks in which
concepts are connected by labeled relations. His work demonstrated how hierarchi-
cal organization could explain verification time in human reasoning tasks, suggesting
that cognitive processes may operate through structured relational networks. Later,
John F. Sowa expanded the formal foundations of semantic networks by integrat-
ing them with logic in his theory of Conceptual Graphs, providing a more rigorous
semantic interpretation and linking graph structures to formal logic systems. Their
graphical notation makes them particularly intuitive, facilitating both human under-
standing and computational reasoning. Although later symbolic formalisms, such as
description logics and ontology languages, provided more formal semantics, semantic
networks remain a foundational paradigm in knowledge representation.

2.3.3 Interpretable Models

In knowledge representation, a variety of symbolic models have been developed
to describe objects, situations, and events in a structured and interpretable way.
Among these, frames and scripts extend semantic networks by introducing richer
internal structures capable of capturing stereotypical situations and recurring se-
quences of actions. A frame represents a stereotypical object or situation through
a set of attributes, known as slots, which may be filled with specific values, de-
fault assumptions, or references to other frames. This structured representation
allows frames to encode both declarative knowledge about entities and procedural
knowledge about the actions typically associated with a given context. Scripts, by
contrast, are specifically designed to model common sequences of events. They de-
scribe how actions usually unfold in familiar situations and are particularly effective
for narrative understanding and for predicting behavior in routine scenarios. Both
models were originally proposed to account for aspects of human comprehension
and memory [25]. A more formal and explicit approach to knowledge representa-
tion is provided by ontologies, which define a shared conceptual framework for a
given domain. Ontologies specify classes, relations, constraints, and axioms using
logic-based languages, often grounded in Description Logic. By enforcing precise
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semantics, they enable automated reasoning tasks such as consistency checking,
classification, and logical inference. Their standardized nature also supports knowl-
edge sharing and reuse across different systems, making ontologies a central com-
ponent of areas such as the Semantic Web, intelligent information retrieval, and
large-scale knowledge integration [26, 27]. Another major category of symbolic ap-
proaches is logic-based representations, which encode knowledge as sets of formal
logical statements. First-order logic provides a powerful framework for expressing
complex relationships among entities through predicates, variables, and quantifiers,
enabling rigorous deductive reasoning. Alongside this, production rules, typically
expressed as if-then statements, capture procedural knowledge and support both
forward chaining, in which conclusions are derived from known facts, and backward
chaining, in which goals are traced back to the conditions required to satisfy them.

These mechanisms have played a foundational role in expert systems and rule-
based AI architectures. The strength of logical representations lies in their ability to
guarantee consistency, derive logical consequences, and provide clear explanations
for inferred conclusions, if inference rules are correctly applied. More broadly, the in-
terpretability of symbolic representations constitutes a key advantage: the meaning
of symbols, rules, and relations can be directly understood by humans, facilitating
debugging, validation, and trust in AI systems. However, constructing such rep-
resentations manually or extracting them from raw, unstructured data remains a
significant challenge.

Despite these limitations, symbolic knowledge representation continues to be a
crucial component of artificial intelligence, particularly in applications that require
explainability, structured reasoning, and formal guarantees. Due to purely symbolic
systems are not sufficient on their own, their integration with data-driven approaches
offers promising directions for the development of interpretable and robust AI sys-
tems. Ongoing research in neuro-symbolic methods aims to automate the extraction
of symbolic knowledge from data while preserving the powerful reasoning capabilities
that symbolic representations provide.

2.4 Reinforcement Learning Principles

This section delves deeper into the principles and methods of reinforcement learn-
ing, with particular focus on Deep Q-Networks, which play a central role in the
framework proposed in this thesis.

2.4.1 Theoretical foundations

The mathematical foundation of reinforcement learning rests on the framework of
Markov Decision Processes (MDPs). An MDP formalizes sequential decision-making
problems in which an agent interacts with an uncertain environment and seeks
to maximize a cumulative reward over time. An MDP is defined by the tuple
(S, A, P, R, γ), where:

• S is the state space, i.e., the set of all possible configurations of the environ-
ment.
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• A is the action space, i.e., the set of all actions available for the agent in each
state.

• P (s′ | s, a) is the transition probability function, i.e., the probability that,
after performing action a in state s, the system transitions to state s′.

• R(s, a) is the reward function, which provides a numerical value quantifying
the desirability of transitioning from state s to state s′ after performing action
a, assigning a scalar value to each state-action pair.

• γ ∈ [0, 1) is the discount factor that determines the relative importance of im-
mediate versus future rewards. Smaller values of γ encourage myopic behavior
focused on immediate gains, whereas values closer to 1 promote long-term
planning.

A fundamental assumption in MDPs is the Markov property, which states that
the future evolution of the system depends solely on the current state and action,
independent of the full history of past states. Mathematically:

P (s′ | s, a, st−1, at−1, . . . ) = P (s′ | s, a)

This memory-less characteristic significantly simplifies the analysis and allows the
use of dynamic programming techniques. The agent tries to maximize the total
cumulative reward. This cumulative reward is defined as:

Gt =
∞Ø

k=0
γkR(st+k, at+k)

It is not simply the sum of instant rewards, but the discounted reward over time.
Due to the γ it is possible to give more weight to immediate or future rewards.

Policie

In reinforcement learning, a policy π defines the agent’s behavior by specifying which
action should be taken in each possible state [9]. Formally, a policy can be repre-
sented either as a function or as a probability distribution over actions. Two main
types of policies can be distinguished. A deterministic policy π(s) assigns a single,
fixed action to each state. In contrast, a stochastic policy π(a | s) associates a prob-
ability with each available action. The agents progressively learn an optimal policy
through continuous interaction with the environment. This learning process requires
collecting experience by visiting new states and testing different actions. Through
this interaction, the agent refines its strategy in order to maximize the cumulative
reward obtained over time. A central challenge in this process is the exploration-
exploitation trade-off. Exploration encourages the agent to try new and unfamiliar
actions in order to discover potentially better rewards and improve its knowledge
of the environment. On the other hand, exploitation focuses on selecting actions
that are already known to yield high returns, thus capitalizing on past experience.
Achieving an effective balance between these two objectives is crucial for learning a
robust and optimal policy.
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Value Function

Value functions are used to evaluate policies and play a fundamental role in many
reinforcement learning algorithms. The state-value function Vπ(s) estimates the
expected cumulative reward obtained when starting from state s and following policy
π.

Vπ(s) = E

 ∞Ø
t=0

γtR(st, at, st+1)


The action-value function Qπ(s, a) measures the expected return after taking action
a in state s and subsequently following policy π, are also called Q-values [22].

Qπ(s, a) = E [R(s, a, s′) + γVπ(s′)]

The central objective of reinforcement learning is to identify an optimal policy π∗

that maximizes these value functions across all states.

Potential and areas of application

MDPs provide the theoretical foundation for a wide range of reinforcement learning
algorithms, including value iteration, policy iteration, temporal-difference learning
and Q-learning. These methods exploit the mathematical structure of MDPs to
iteratively improve policies, either when the environment model is known or when it
must be learned from experience. As a result, MDPs play a crucial role in enabling
autonomous agents to learn effective behaviors through interaction with complex
and uncertain environments. Due to their strong theoretical foundation and flex-
ibility, MDPs are extremely important across numerous application domains. In
robotics and automation, for example, robots rely on MDPs to navigate uncertain
and dynamic environments. Beyond robotics, MDPs are also widely applied in
healthcare for treatment planning and optimization, in finance for trading strate-
gies and risk management, and in game AI for developing intelligent and adaptive
agents. This broad applicability highlights the practical significance of MDPs in
real-world decision-making problems [9].

The path to success

The primary objective of reinforcement learning is to identify an optimal policy that
maximizes long-term rewards. This objective leads to one of the most fundamental
results in RL theory: the Bellman Optimality Equation [28]. This equation provides
a recursive definition of optimal value functions, both for states and for state-action
pairs [29].

• Optimal State Value Function V ∗(s):

V ∗(s) = max
a

Ø
s′

P (s′ | s, a) [R(s, a, s′) + γV ∗(s′)] (2.1)

• Optimal Action Value Function Q∗(s, a):

Q∗(s, a) =
Ø
s′

P (s′ | s, a)
5
R(s, a, s′) + γ max

a′
Q∗(s′, a′)

6
(2.2)
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The Bellman optimality equation removes any dependence on a particular policy.
Instead, it establishes a self-consistency condition that optimal value functions must
satisfy. Specifically, the optimal state-value function is defined as the maximum
expected return achievable by selecting the best possible action in a given state.
Similarly, the optimal action-value function is expressed as the immediate reward
plus the highest expected future return obtainable from the subsequent state [29].
The Bellman Optimality Equation serves as the theoretical cornerstone for a wide
range of optimal control algorithms used in reinforcement learning.

2.4.2 Types of Reinforcement Learning

Several methods have been developed to solve Markov Decision Processes (MDPs),
differing mainly in how they use information about the environment. These ap-
proaches can be broadly classified into model-based and model-free methods. Model-
based methods rely on a known or learned model of the environment to predict future
states and rewards, allowing agents to plan their actions in advance. In contrast,
model-free methods do not assume any prior knowledge of the environment and in-
stead learn optimal behaviors directly through experience and interaction. Under-
standing this distinction is fundamental for analyzing how different reinforcement
learning algorithms operate and adapt to uncertainty.

Model-Based Reinforcement Learning

Dynamic Programming Methods Dynamic programming is a model-based ap-
proach and solves MDPs by iteratively improving value functions through:

• Policy Iteration alternates between policy evaluation and policy improve-
ment until the policy converges to the optimal policy.

– Policy evaluation consists of estimating the value function associated with
a given policy π, typically by computing the expected return obtained
when the agent follows that policy from each state. This step answers
the question of how good the current policy is, by assessing its long-term
performance in the environment.

– Policy improvement, on the other hand, aims to enhance the current
policy by exploiting the information obtained during policy evaluation.
In this phase, the policy is updated by selecting actions that yield higher
expected returns according to the evaluated value function, resulting in
a new policy that is guaranteed to be at least as good as the previous
one [29].

• Value Iteration: updates the value function until it converges to the optimal
value function.

Vk+1(s) = max
a∈A

Ø
s′∈S

P (s′ | s, a) [R(s, a, s′) + γVk(s′)]

where:
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– k is the iteration index of the algorithm;
– Vk(s) is the estimated value of state s at iteration k;
– Vk+1(s) is the updated value estimate at the next iteration;
– A is the set of available actions;
– S is the set of possible next states;
– P (s′ | s, a) is the transition probability to state s′ given state s and action

a;
– R(s, a, s′) is the reward received after transitioning to s′;
– γ ∈ [0, 1) is the discount factor.

Dynamic programming breaks down complex tasks into smaller subtasks. It then
models problems as workflows of sequential decisions made in discrete time steps.
Each decision is made based on the possible resulting next state, since dynamic
programming considers potential future states and reward signals when selecting
actions. Indeed, dynamic programming is a value-based method, meaning it selects
actions based on their estimated values according to a policy that aims to maximize
its value function. An agent’s reward R for a given action is defined as a function
of that action a, the current environmental state s, and the potential next state s′:

R(s, a) =
Ø
s′∈S

R(s, a, s′) P (s′ | s, a)

where Pt(s′ | s, a), called the transition probability function, denotes the probability
that the system is in state s′ at time t + 1 when the agent chooses action a in
state s at time t [9]. Dynamic programming seeks to maximize cumulative rewards
by consistently selecting the best possible actions at each state, using recursive
relationships such as the Bellman equations [28]. Dynamic programming theory
guarantees the existence of at least one optimal stationary policy. However, classical
dynamic programming techniques require full knowledge of the reward function and
transition probabilities, which are generally unavailable in real-world scenarios.

Model-Free Reinforcement Learning

Monte Carlo methods The Monte Carlo method assumes a black-box environ-
ment, making it a model-free approach. Since no prior knowledge of the environment
is available, Monte Carlo methods rely entirely on direct interaction to gather in-
formation, so these methods are purely experience-driven. These methods sample
sequences of states, actions and rewards exclusively through interaction with the
environment. As a result, learning occurs through trial and error [29] rather than
through predefined probability distributions or transition models. This experiential
learning process enables Monte Carlo methods to adapt to unknown environments,
but it also requires a large number of episodes to achieve reliable performance. Monte
Carlo methods estimate value functions by computing the average return for each
state-action pair based on observed episodes. Consequently, Monte Carlo methods
must wait until an entire episode (or planning horizon) is completed before updating
their value estimates and policies. Within this framework, two main variants can
be distinguished: First-Visit and Every-Visit Monte Carlo.
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• First-Visit Monte Carlo estimates the value of a state by averaging the
returns obtained only on the first visit to that state in each episode. This avoids
updating the same state multiple times within the same episode, reducing the
risk of bias in the results.

• Every-Visit Monte Carlo, on the other hand, considers all visits to a state
within each episode. The state’s value is estimated by averaging the returns
obtained in each visit. This method uses more data than First-Visit but may
introduce greater correlation between observations.

In both variants, the value function is updated according to:

V (s)← V (s) + α [Gt − V (s)]

where V (s) is the estimated value of state s, α is the learning rate, and Gt is the
actual return obtained from time step t.

Temporal Difference learning Temporal-Difference (TD) learning is a hybrid
approach that combines the concepts of dynamic programming and Monte Carlo
methods. It relies on experience to learn from interaction with the environment
as Monte Carlo method, indeed is model-free approach. It also incorporates the
bootstrapping idea from dynamic programming by updating value estimates incre-
mentally, based on existing predictions and after each transition, without waiting
for the final outcome of an episode. In this way, TD learning algorithms adjust
the estimated value of a state and consequently the agent’s policy, incrementally
after each step, enabling faster and more continuous learning compared to waiting
for complete episodes. As its name suggests, a TD learning agent adjusts its pol-
icy based on the difference between the predicted reward and the reward received
at each state. In other words, while both dynamic programming and Monte Carlo
methods focus on the rewards obtained, TD learning additionally evaluates the pre-
diction error between expected and observed rewards. This difference, known as
the temporal difference error, is then used to update value estimates for subsequent
states immediately, without waiting for the episode to terminate.

V (st)← V (sT ) + α [Rt+1 + γV (st+1)− V (st)]

where:

• V (st) is the estimated value of state s at time step t;

• α ∈ (0, 1] is the learning rate, controlling the update step size;

• Rt+1 is the reward received after transitioning from st;

• γ ∈ [0, 1) is the discount factor;

• V (st+1) is the estimated value of the next state st+1.
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The temporal difference error δt is defined as:

δt = Rt+1 + γV (st+1)− V (st)

so that the update rule can be written compactly as:

V (st)← V (st) + α δt

TD learning exists in multiple variants, among which State-Action-Reward-State-
Action (SARSA) and Q-learning are two of the most prominent.
SARSA is an on-policy TD algorithm, meaning it evaluates and improves the same
policy that it follows during learning, therefore updates the action-value function
based on the action taken by the current policy:

Q(st, at)← Q(st, at) + α [Rt+1 + γQ(st+1, at+1)−Q(st, at)]

where:

• Q(st, at) is the estimated value of taking action at in state st;

• α ∈ (0, 1] is the learning rate;

• Rt+1 is the reward received after the transition;

• γ ∈ [0, 1) is the discount factor;

• Q(st+1, at+1) is the estimated value of the next state-action pair, where at+1 is
the action chosen by the current policy.

Q-Learning is a model-free, off-policy reinforcement learning algorithm that aims to
directly approximate the optimal action-value function, independently of the policy
used to generate behavior [30]. Q-Learning separates the behavior policy, which
directs exploration to gather new experiences, from the target policy, which focuses
on exploiting the current value estimates to guide optimal decisions. The behavior
policy may include exploratory mechanisms such as ε-greedy action selection, while
the target policy is implicitly defined as the greedy policy with respect to the learned
action-value function. This separation allows Q-Learning to learn the optimal policy
regardless of how the agent behaves during data collection, provided that sufficient
exploration occurs. For this reason, the algorithm is often described as exploration-
insensitive, meaning that its convergence properties do not depend on the specific
exploration strategy adopted, as long as all state-action pairs are visited sufficiently
often [9]. The core update rule of Q-Learning is derived from the Bellman optimality
equation and is defined as follows:

Q(st, at)← Q(st, at) + α
5
Rt+1 + γ max

a
Q(st+1, a)−Q(st, at)

6
where:

• α is the learning rate,

• γ is the discount factor,
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• Rt+1 is the reward received after taking action at in state st,

• maxa Q(st+1, a) represents the maximum estimated future return obtainable
from the next state.

The algorithm updates the action-value function using the maximum estimated
reward of the subsequent state, allowing it to iteratively improve its policy based on
expected future returns. Since Q-Learning does not require explicit knowledge of the
transition probabilities or reward function, it can learn directly from raw experience,
making it particularly suitable for environments where a model is unavailable or
difficult to construct [31]. Once the optimal action-value function Q∗(s, a) has been
learned, the optimal policy is obtained by selecting, in each state, the action that
maximizes the estimated Q-value:

π∗(s) = arg max
a

Q∗(s, a)

For convergence to the optimal solution, it is necessary that every state-action pair
is visited infinitely often and that the learning rate decreases appropriately over
time. Under these conditions, also called stochastic approximation conditions, the
action-value estimates are guaranteed to converge to their optimal values [30].

2.4.3 Deep Q-Networks

Deep Q-Networks (DQN), introduced by Mnih et al. in 2015 [28], revolutionized
reinforcement learning by demonstrating that deep neural networks could success-
fully approximate Q-functions in high-dimensional state spaces. Prior to DQN,
Q-learning was limited to small, discrete state spaces due to its reliance on tab-
ular representations. By integrating convolutional neural networks (CNNs) with
Q-learning [28], DQN enabled end-to-end learning directly from raw sensory inputs,
such as pixel-based game screens. This innovation allowed reinforcement learning
agents to achieve human-level performance on several Atari 2600 games using only
visual input and game scores as feedback, without any handcrafted features.

The DQN algorithm addresses two key challenges that arise when combining
Q-learning with neural networks: instability due to correlations in the sequence of
observations and non-stationarity of the target values used for training. In stan-
dard online reinforcement learning, consecutive observations are highly correlated.
Training a neural network on sequential samples violates the independent and iden-
tically distributed (i.i.d.) assumption required for stable stochastic gradient descent,
leading to oscillations or divergence. In addition, Q-learning relies on bootstrapped
targets derived from the same network being trained. As network parameters change
during learning, the target values also change, resulting in a moving target problem
that destabilizes training.

DQN employs two critical innovations to stabilize learning [28]. The first innova-
tion was inspired by biological mechanism, the experience replay stores agent tran-
sitions, at each time-step, in a replay buffer. In addition, during training, samples
mini batches uniformly for training. This technique breaking temporal correlations
between past experience, enabling more efficient use of past experience and stabi-
lizes learning through randomized training batches. This allows gradient updates to
better approximate the true expectation of the Bellman equation.
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The second innovation was targeting networks. This technique maintains a sepa-
rate copy of the Q-network whose parameters are updated less frequently, providing
more stable target values for the loss function, this help to reduces harmful feed-
back loops and prevents divergence. These techniques enable successful learning in
complex domains such as Atari 2600 games, where the state space consists of raw
pixel inputs.

Loss Function and Optimization The DQN loss function is designed to mini-
mize the difference between the current Q-value estimates and the target values de-
fined by the Bellman optimality equation. Using a target network with parameters
θ−, the algorithm stabilizes learning by providing a fixed reference for the updates.
In practice, DQN can be seen as a method that approximates the Q-function with
a deep neural network and iteratively solves the Bellman optimality equation via
stochastic gradient descent.

Li(θi) = E(s,a,r,s′)∼U(D)

C3
r + γ max

a′
Q(s′, a′; θ−

i )−Q(s, a; θi)
42

D
where:

• L(θ) is the loss function to be minimized with respect to the network param-
eters θ;

• (s, a, r, s′) ∼ U(D) denotes that the transitions are sampled uniformly from
the replay buffer D;

• r is the immediate reward received after taking action a in state s;

• γ ∈ [0, 1) is the discount factor;

• θ−
i are the parameters of the target network, kept fixed during updates to

stabilize training, at iteration i;

• maxa′ Q(s′, a′; θ−
i ) is the maximum Q-value over all possible next actions a′,

estimated by the target network;

• Q(s, a; θi) is the Q-value estimated by the online network for the current state-
action pair (s, a);

• r+γ maxa′ Q(s′, a′; θ−
i )−Q(s, a; θi) is the TD error, measuring the discrepancy

between the current estimate and the bootstrapped target based on the best
possible next action [1].

One of the most significant aspects of DQN is its ability to learn directly from
raw sensory inputs, requiring little to no prior domain knowledge or handcrafted
feature engineering. Experimental results show that the DQN agent is capable of
achieving performance levels comparable to, and in some cases exceeding, those of
human players across a wide range of Atari 2600 games [28]. These findings high-
light the robustness of deep reinforcement learning methods, showing that complex
behaviors can emerge solely from interaction with the environment and scalar re-
ward feedback. The model’s success across diverse gaming environments indicates
its potential applicability to broader decision-making problems beyond the Atari
benchmark.
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2.5 Atari-like Environments as Testbeds

Over the past decade, two-dimensional video games, especially those from the Atari
2600 game suite, have become standard benchmarks for the evaluation of reinforce-
ment learning and artificial intelligence systems [32]. By offering high-dimensional
visual inputs, diverse dynamics, and well-defined evaluation protocols within a con-
trolled setting, these environments bridge the gap between simple toy problems
and real-world applications. This section examines the characteristics and inherent
challenges that make Atari-like environments particularly suitable as experimental
testbeds for AI research.

2.5.1 Challenges of two-dimensional Game Environments

Atari games present diverse challenges that require different capabilities [33]. In
this study, we concentrate our analysis on the Atari game as a representative bench-
mark environment. This choice allows us to highlight several fundamental properties
shared by many Atari games suit. More in details, these environments often require
strong temporal reasoning. Temporal reasoning is essential in many games, where
success depends on understanding sequences of events, anticipating future states,
and planning multi-step strategies. In some cases, precise timing of actions is cru-
cial, while in others, rewards are delayed and the consequences of decisions become
apparent only after multiple steps. For example, Breakout requires predicting where
the ball will land based on its current trajectory and velocity. Furthermore, the agent
must plan the paddle’s movements several steps in advance, especially when the ball
bounces off bricks or edges. This corresponds to the need for multi-step planning
and anticipation of future states.

Exploration and credit assignment pose additional challenges. Many Atari games
sparse reward structures, in which positive feedback is infrequent, making difficult
for learning algorithms to discover effective strategies. Furthermore, long action
sequences with delayed outcomes complicate the attribution of credit to individual
actions that ultimately lead to success or failure. Partial observability is another
important characterizes several games, where the full state is not visible in a single
frame. This requires agents to integrate information over time or maintain memory
of past observations. For example, in Breakout, even though the agent receives
numerical information such as the position and speed of the ball, it does not know
the complete future trajectory or any changes in speed due to multiple bounces. This
necessitates mechanisms for temporal integration beyond simple reactive policies.

Generalization across games remains a key challenge [33] for the development
of general-purpose learning systems. Although deep reinforcement learning has
achieved superhuman performance on individual games, transferring of learned knowl-
edge across different games remains difficult. Each game may require different visual
features, temporal abstractions, and strategic reasoning, thereby testing the gener-
ality and robustness of learning algorithms.

The diversity and complexity of Atari games, combined with their standard-
ized interface and computational tractability, make them ideal testbeds [32] for
developing and evaluating artificial intelligence systems. They provide a middle
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ground between simple toy problems and real-world applications, offering sufficient
complexity to be challenging while remaining amenable to systematic experimen-
tation. The characteristics are particularly relevant to the framework proposed in
this thesis, which aims to extract interpretable symbolic knowledge from visual ob-
servations and use this knowledge to guide learning. The structured nature of 2D
games, characterized by discrete objects obeying consistent rules, provides a suitable
domain for testing the hypothesis that combining perceptual processing, symbolic
reasoning, and reinforcement learning can lead to more efficient, interpretable, and
generalizable AI systems.
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3 State of the Art and Challenges

Although artificial intelligence has achieved significant successes in recent years, par-
ticularly through deep learning methodologies [1], fundamental challenges persist in
the development of systems that are truly intelligent, interpretable, reproducible,
and trustworthy. This chapter examines the current state of the art in AI, focus-
ing on the limitations of purely neural approaches and the emerging paradigm of
neuro-symbolic integration [34]. We explore the cognitive foundations that inspire
alternative approaches, and the position of the framework proposed in this thesis
within the broader landscape of contemporary AI research.

3.1 Challenges in Symbolic Interpretation

3.1.1 The Illusion of Understanding

Modern deep learning systems have achieved impressive performance on benchmark
tasks, often matching or exceeding human capabilities in specific domains. Large
language models such as GPT-4 and BERT demonstrate near-human accuracy in
translation, question answering, and text generation, while deep neural networks
excel in image classification and game-playing environments. These achievements
often create the illusion of genuine understanding [7], masking fundamental lim-
itations in how such systems process information. The impressive performance of
modern AI systems has fuelled widespread optimism, with some interpretations sug-
gesting that these models exhibit forms of intelligence or comprehension comparable
to human cognition. However, this view has been critically challenged by several
scholars. Bender et al. famously described large language models as “stochastic par-
rots”, emphasizing that their outputs are generated through sophisticated statistical
pattern matching rather than through semantic understanding or intentional rea-
soning [35]. According to this critique, LLMs predict the most probable sequences
of words based on training data distributions, without possessing an internal model
of meaning or the world. A concrete manifestation of this limitation is the phe-
nomenon of hallucinations, wherein language models confidently generate incorrect
or nonsensical statements that are nonetheless statistically plausible [31]. While
extensive research efforts aim to mitigate hallucinations through architectural im-
provements, or better datasets, some researchers argue that hallucinations are an
intrinsic consequence of the probabilistic nature of these models [36]. This reinforces
the distinction between surface-level linguistic competence and genuine understand-
ing. Similar shortcomings emerge in applied contexts such as AI-assisted content
moderation. Social media platforms including Facebook, Instagram, and X deploy
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deep learning systems to detect hate speech, misinformation, and policy violations
at scale. Despite their efficiency, these systems frequently struggle with contextual
nuance, irony, and cultural variation, resulting in both over-censorship and under-
enforcement. These failures highlight the inability of current AI systems to reason
symbolically about intent, meaning, and social context. Melanie Mitchell has ex-
tensively analysed these limitations, particularly in her work A Guide for Thinking
Humans [37]. She demonstrates how contemporary AI systems, spanning conversa-
tional agents, image generation models, and image captioning architectures, system-
atically fail when exposed to adversarial inputs specifically designed to be trivial for
humans yet confusing for machines. These failures expose the lack of commonsense
reasoning and conceptual grounding in both text-based and vision-based architec-
tures. A paradigmatic example is the Winograd Schema Challenge [38], a benchmark
designed to test an AI system’s ability to resolve linguistic ambiguity using com-
monsense knowledge. Consider the sentence: “The trophy did not fit in the suitcase
because it was too big.” Humans effortlessly infer that “it” refers to the trophy, based
on an intuitive understanding of physical size and spatial relationships. In contrast,
AI models often perform poorly on such tasks, achieving accuracy rates below 70% ,
whereas humans typically score near 100%. This gap illustrates that neural models
do not reason about physical properties or causality but rather rely on shallow tex-
tual correlations. Mitchell also examines DeepMind’s game-playing agents, noting
that despite their superhuman performance in specific games, these models remain
extremely narrow. Each agent must be trained extensively on a single game, and
the knowledge acquired does not transfer to even slightly modified environments.
Some studies on the robustness of Deep Q-Networks (DQN) [39] show that minor
visual perturbations, such as changing background colours or object positions, can
cause complete failure. This stands in contrast to human performance, who grasp
the abstract rules of a game and adapt to superficial changes, instead, these agents
memorize pixel-level patterns and reward structures without forming a conceptual
understanding of the environment.

The Lack of World Models

The limitations observed in language processing extend to other domains, including
reinforcement learning and game-playing agents lead to a broader critique: mod-
ern AI systems lack an internal world model, like a structured representation of
objects, relationships, causality, and dynamics necessary for reasoning and general-
ization [40] . Without such models, AI systems struggle to apply learned knowledge
to novel contexts or perform commonsense reasoning reliably. Gary Marcus echoes
this concern, arguing that progress in AI requires moving beyond narrow task opti-
mization toward architectures that integrate structured knowledge and symbolic rea-
soning [41] . He advocates for hybrid and neuro-symbolic approaches as a promising
path forward. As machine learning-based decision support systems become increas-
ingly influential, it is essential for users to be able to critically assess the assistance
they provide. A key requirement in this context is interpretability, which refers to
the ability to understand and reason about a model’s outputs [42]. Despite years
of research efforts, progress in this area has been relatively limited. Highly suc-
cessful models such as deep neural networks, while achieving near-human accuracy
in various prediction and classification tasks, largely operate as black boxes [28].

29



They offer little transparency regarding how and why certain features are favoured
over others during training, how patterns and correlations in the training data are
internally represented, and how specific computational pathways transform raw in-
puts into final predictions. This limitation is particularly problematic as machine
learning systems increasingly influence high-stakes decisions. In such contexts, in-
terpretability becomes essential: users must be able to understand, question, and
trust the outputs of AI systems. Despite extensive research, most high-performing
deep neural networks remain opaque black boxes. The tension between predictive
power and understanding becomes especially apparent when models are evaluated
outside their training distribution. Image classifiers may rely on irrelevant back-
ground cues rather than object-defining features; language models may generate
fluent but logically inconsistent text; and agents may exploit unintended shortcuts
rather than learning the intended task structure. This behavior, often referred to
as shortcut learning [43], reflects the tendency of neural networks to optimize for
superficial correlations that satisfy training objectives without capturing underlying
conceptual structure. Whereas these representations are statistically effective, they
lack the compositionality, systematic generalization, and explanatory clarity that
characterize human cognition. As a result, modern AI systems can appear highly
intelligent while remaining fundamentally brittle, uninterpretable, and unable to
truly understand the problems they solve.

3.1.2 The Black Box Problem

The illusion of understanding is closely tied to the black-box nature of deep neural
networks. The opacity of deep neural networks poses significant challenges to trust,
accountability, and scientific understanding [44, 45]. Modern deep neural network
architectures are highly complex nonlinear statistical models with an exceptionally
large number of parameters, making direct interpretation of their decision-making
virtually impossible. This inherent complexity results in a lack of transparency,
as these models are unable to provide explicit and interpretable explanations for
the rationale underlying their decisions, which in turn has several important im-
plications. In high-stakes applications such as medical diagnosis, criminal justice,
or autonomous vehicles [2, 44], the demand for interpretability stems from the in-
herent incompleteness of problem formalization. In these contexts, producing an
accurate prediction alone is insufficient, as it only partially addresses the original
decision-making problem. The inability to explain how and why [42] a system ar-
rives at a given outcome raises significant ethical and legal concerns, undermining
trust and accountability. Consequently, stakeholders require not only reliable predic-
tions, but also transparent explanations that clarify the reasoning processes behind
those predictions, enabling informed evaluation, justification, and responsible use of
automated systems. Despite significant advances in data modelling and learning al-
gorithms, a clear gap remains between the construction of models and the extraction
of meaningful knowledge from them. Machine learning models can be represented
in many ways depending on the techniques used; however, true knowledge can only
be claimed when these representations are understandable to humans. Knowledge
extraction inherently involves human cognitive processes, which extend far beyond
purely technical considerations. Without interpretability, models risk becoming in-
effective, as their output cannot be properly assessed or trusted. For this reason,
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interpretability should be regarded as a fundamental requirement [46] for machine
learning approaches intended for real-world applications. Moreover, the opacity of
neural networks significantly complicates their debugging and improvement. When
a model fails, pinpointing the underlying causes and identifying effective corrective
measures is often extremely challenging [47]. The absence of explicit and inter-
pretable representations makes it difficult to determine whether errors arise from
insufficient or biased training data [42], architectural limitations, or fundamental
shortcomings in the learning process. Bias in both data and models is a particularly
critical concern, as it can perpetuate harmful stereotypes and produce unfair out-
comes [48]. Finally, the lack of transparency also limits the scientific insight that
can be gained from successful AI systems. Although building effective models is
undeniably valuable from an engineering perspective, understanding the principles
that govern their behavior is essential for advancing the field of artificial intelligence.
Black-box models may achieve high performance on specific tasks yet fail to provide
generalizable insights that could guide the development of more robust, reliable,
and capable systems. In response to these concerns, a growing body of research
has sought to make sense of AI systems by focusing on their interpretability and
explanatory power.

Making AI Transparent: Principles of Explainable Machine Learning

These limitations have spurred research into explainable artificial intelligence (XAI),
which aims to make the behavior of machine learning systems more transparent
and interpretable [46,49]. The approaches to interpretable machine learning can be
broadly categorized based on when interpretability is achieved. Post-hoc explanation
methods attempt to interpret already trained models by constructing a secondary
model that provides explanations for the original system. In contrast, inherently
interpretable models are designed to be transparent from the outset [47], achieving
interpretability by embedding explanatory mechanisms directly into their structures,
such as decision trees and rule-based models. Additionally, hybrid approaches com-
bine symbolic reasoning with neural learning to balance predictive performance and
interpretability. Despite impressive empirical achievements, contemporary AI sys-
tems remain fundamentally limited in their capacity for genuine understanding [7],
reasoning, and symbolic interpretation. Their reliance on statistical correlations,
lack of internal world models, and opaque decision-making processes constrain their
ability to generalize, explain, and reason about complex environments. Future re-
search should therefore prioritize interpretability, commonsense reasoning, and the
development of structured internal representations, shifting the focus from narrow
benchmark performance toward robust, transparent, and truly intelligent systems.

3.1.3 Learning Paradigms and Explainable AI

The growing demand for explainability in artificial intelligence is not merely a re-
sponse to ethical or regulatory concerns, but reflects a deeper limitation rooted in
contemporary learning paradigms. Most state-of-the-art AI systems rely on statis-
tical learning from large-scale datasets, optimizing performance objectives without
explicitly representing meaning, causality, or structured knowledge. As a result,
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the challenge of explainability cannot be separated from the way models learn and
internally represent information. This section examines Explainable Artificial Intel-
ligence (XAI) as a response to the black-box nature of modern machine learning,
highlighting both its achievements and its fundamental limitations. In doing so, it
argues that explainability is inseparable from learning mechanisms and representa-
tional choices, and that post-hoc explanations alone are insufficient to address the
deeper issues of understanding and reasoning in AI systems.

Learning Without Understanding

Modern machine learning systems, particularly deep neural networks, learn by iden-
tifying statistical regularities in data rather than by constructing explicit models
of the world. Learning is typically framed as the optimization of a loss function
over large datasets, with success measured primarily in terms of predictive accu-
racy. While this paradigm has proven highly effective in narrow domains, it does
not guarantee that the learned representations correspond to meaningful concepts
or causal structures [3,37]. Consequently, models may rely on spurious correlations,
dataset biases, or superficial cues that enable high performance during training
but fail to generalize under distributional shifts, attributable to phenomena of this
kind. This highlights the gap between statistical success and genuine conceptual
understanding [43]. Moreover, because internal representations are distributed and
opaque, it is difficult to determine what a model has truly learned, even when its
predictions appear correct. This form of learning without understanding directly
contributes to the interpretability problem. If a system lacks structured internal
representations, explanations can only describe correlations in behavior rather than
reasons grounded in knowledge or world models.

Explainable AI: Goals and Approaches

Explainable Artificial Intelligence (XAI) emerged in response to the opacity of high-
performing machine learning models, particularly deep neural networks [44]. The
primary goal of XAI is to enable humans to understand, trust, and effectively inter-
act with AI systems by providing explanations of their behavior. Interpretability is
especially critical in high-stakes domains such as healthcare, finance, law, and au-
tonomous systems, where decisions must be justified, audited, and contested when
necessary [50]. Beyond practical considerations, explainability is also essential for
scientific understanding, debugging, and the iterative improvement of models. How-
ever, explainability is often treated as an external requirement imposed after learning
has already occurred. This framing raises a fundamental question: can meaningful
explanations be produced if the learning process itself does not involve the acquisi-
tion of interpretable knowledge?

Post-hoc Explainability

A large body of XAI research focuses on post-hoc explanation methods, which aim to
interpret the behavior of trained black-box models without modifying their internal
structure. Prominent examples include feature attribution techniques such as LIME
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(i.e., Local Interpretable Model-Agnostic Explanations) [51] and SHAP (i.e., Shap-
ley Additive Explanations) [52], which estimate the contribution of individual input
features to a model’s prediction. These approaches assist in identifying biases, facili-
tating debugging, and enhancing user confidence. Other approaches include saliency
and attention-based methods, particularly in computer vision and NLP (i.e., nat-
ural language processing), which highlight regions of the input that most strongly
influence model outputs [53]. For instance, in image classification, saliency maps
can indicate the specific areas of an image that influenced a particular prediction.
Surrogate models provide another strategy, approximating complex models with
simpler, interpretable ones such as decision trees or linear regressions [54]. This
method aids in interpreting the overall behavior of black-box models, though its
accuracy in reflecting the original model may be constrained in highly nonlinear
decision domains. While these methods offer valuable insights into model behavior,
they remain fundamentally limited. Post-hoc explanations describe "how" a model
behaves locally, but not "why" it behaves that way in terms of underlying concepts
or causal reasoning. As a result, explanations may be unstable, incomplete, or mis-
leading, especially when models operate in highly nonlinear or out-of-distribution
settings [55].

Intrinsic Interpretability

In contrast to post-hoc approaches, intrinsically interpretable models aim to achieve
transparency by design. These models, including decision trees, rule-based systems,
linear models, and symbolic representations, provide explicit reasoning structures
that can be directly inspected and understood by humans [42]. Intrinsic inter-
pretability is often achieved by constraining model complexity or imposing struc-
tured representations. However, this typically comes at the cost of reduced flexi-
bility or performance when compared to deep neural networks. This trade-off has
historically limited the adoption of interpretable models in complex real-world tasks.
Recent research has therefore explored hybrid approaches that integrate neural learn-
ing with symbolic or structured components, seeking to balance expressivity with
transparency [5]. These approaches suggest that interpretability need not be an
afterthought, but can emerge naturally from models that learn structured, compo-
sitional representations.

Why XAI is Not Enough

Despite significant progress, XAI methods cannot fully compensate for the absence
of explicit internal world models. Explanations that operate solely at the level of
input-output correlations fail to capture higher-level concepts such as object identity,
causality, goals, and physical constraints. Without these structures, explanations
remain shallow and task specific. This limitation has led several researchers to argue
that explainability must be addressed at the level of representation and learning,
rather than through post-hoc analysis alone [56]. In other words, a system can
only explain what it has explicitly represented. From this perspective, the challenge
of explainable AI is inseparable from broader questions about how knowledge is
acquired, structured, and used for reasoning. This insight motivates a shift toward
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cognitively inspired approaches that emphasize structured representations, inductive
biases, and internal world models topics that will be explored in the following section.

3.2 Making Sense of AI: Toward Explainability

3.2.1 Cognitive Foundations

The limitations of purely data-driven approaches have led researchers to reconsider
insights from cognitive science and developmental psychology. Understanding how
humans acquire knowledge, form concepts, and reason about the world may provide
valuable principles for building more effective and interpretable AI systems.

3.2.2 Human World Modelling and the Origins of Struc-
tured Cognition

Human intelligence is characterized by the ability to form internal models of the ex-
ternal world; structured representations that capture the objects, the relationships,
and the causal mechanisms that govern observable phenomena. These models en-
able prediction, planning, and reasoning beyond immediate perceptual experience.
The question of how these models is acquired, has been central to cognitive science
and developmental psychology. The Core Knowledge theory, developed primarily
through research by Elizabeth Spelke, Renée Baillargeon [57], and colleagues, pro-
poses that human cognition is founded on a small set of innate knowledge systems
that emerge early in development and provide the foundation for subsequent learn-
ing. These core systems are domain-specific, addressing fundamental aspects of the
physical and social world, and are hypothesized to be evolutionarily ancient, shared
with other species. The existence of core knowledge systems suggests that learning
is not a completely domain-general process of association formation, but rather in-
volves specialized mechanisms tuned to specific aspects of the environment. This
perspective contrasts with blank slate views of learning and suggests that effective
AI systems may benefit from incorporating analogous inductive biases.

3.2.3 Core Knowledge Theory: Cognitive Principles and
Psychological Foundations

Core knowledge refers to a set of foundational cognitive systems that emerge re-
markably early in human development, often within the first year of life. These
systems are not merely innate facts; rather, they consist of organizational princi-
ples that guide infants’ attention, interpretation of experience, and learning [57].
These systems provide initial structures for interpreting experience in specific do-
mains. In other words, they provide a structured framework that allows infants
to extract meaning and patterns before formal instruction or extensive experience.
Spelke and Kinzler highlight that traditional views of human cognition have often
polarized between two extremes. On one hand, some scholars have described the
mind as a general-purpose learning system, capable of absorbing and adapting to

34



any kind of experience. On the other hand, evolutionary psychologists have argued
for a large number of domain-specific systems, each evolved to handle a particular
cognitive task. Core knowledge represents a middle ground: humans appear to pos-
sess a limited number of specialized, but flexible, cognitive systems, each tuned to
certain types of information, which together form the foundation for more complex
thought and learning. One of the most extensively studied core systems is object
representation. From the earliest months of life, infants show an understanding that
physical objects behave in predictable ways. They expect objects to be cohesive,
moving as unified wholes; continuous, persisting even when hidden from view, and
solid, unable to pass through one another. Violations of these expectations, such
as an object seeming to vanish into thin air, elicit surprise and heightened atten-
tion, suggesting that infants are actively engaging in reasoning about the physical
world. This system also has limits: infants can typically track only a few objects at
a time, usually around three or four, a constraint that persists into adulthood when
attention is stretched [58]. Interestingly, these principles appear to be universal,
observable even in remote cultural groups like the Pirahã of the Amazon, whose
language and counting systems differ dramatically from those commonly studied in
western contexts [59]. Alongside object representation, infants develop a number
sense that allows them to perceive, compare, and manipulate quantities. This sys-
tem is supported by two complementary mechanisms. The Approximate Number
System (ANS) allows infants to estimate quantities, with precision decreasing as
numbers grow larger, and the object-tracking system enables exact representation
of small sets, typically up to three or four items [58]. Together, these systems form
the basis for early arithmetic reasoning and provide a foundation for later formal
mathematical learning. Equally important is the spatial system, which allows infants
to encode information about locations, distances, and geometric relationships. This
knowledge supports navigation, understanding of containment and support, and the
prediction of where objects might be in space. Spatial reasoning is not just a precur-
sor to interacting with the physical world, it underlies more sophisticated cognitive
processes later in life, including problem-solving and abstract thinking. Finally, in-
fants possess a system for agent representation, which enables them to understand
goal-directed behavior and social interactions [58]. Unlike objects, agents do not
need to be cohesive or move continuously to be recognized as entities. Instead, in-
fants interpret their actions as driven by goals, often expecting that agents will act
efficiently to achieve desired outcomes. They are sensitive to contingent and recip-
rocal interactions, as well as social cues such as gaze direction, which allow them to
anticipate intentions and understand others’ actions. This system forms the basis of
early social cognition and plays a role in moral reasoning and cooperative behavior
throughout life. Across diverse domains, core knowledge systems share several defin-
ing characteristics. They emerge early in development, operate on specialized types
of entities and their interrelations, and provide a foundational framework that sup-
ports the acquisition of increasingly complex knowledge [57]. When the principles
underlying these systems are violated, they elicit surprise and heightened attention,
thereby promoting enhanced learning and cognitive engagement. Importantly, core
knowledge should not be understood as a set of static, preloaded facts; rather, it
consists of flexible principles that guide attention, interpretation, and learning from
experience. Moreover, studying these systems highlights their evolutionary roots
and universality, offering insights not only into human development but also into

35



the ways cognition is shaped by both biology and experience.

3.2.4 Definition and Relevance for World Understanding

The relevance of Core Knowledge theory for artificial intelligence extends beyond
learning efficiency and directly concerns the problem of explainability. The sys-
tems that reason about the world through structured internal models, composed of
objects, relations, and causal mechanisms, are not only better equipped to gener-
alize, but also to produce explanations that are meaningful to human users. Core
Knowledge suggests that effective world understanding depends on inductive biases
that privilege certain entities and relations as explanatory primitives, rather than
treating all aspects of the environment as equally relevant, learning from scratch
through domain-general mechanisms, or modelling perception as an undifferenti-
ated stream of data [57]. In the context of understanding dynamic environments
such as video games, core knowledge principles suggest several design principles that
directly support interpretability and explanation. In particular, the object persis-
tence and identity enable explanations in terms of enduring entities that interact over
time, rather than transient patterns in sensory input. Physical causality supports
accounts of system behavior based on cause-effect relations, allowing predictions and
outcomes to be justified rather than merely observed. Similarly, representing agents
as goal-directed entities provides a basis for interpreting and explaining actions in
intentional terms, which is essential for understanding behavior in interactive envi-
ronments [57]. Finally, compositional structure allows complex scenes and events
to be explained as combinations of simpler, interpretable components and relations,
rather than as opaque high-dimensional states [7]. By adopting object-centric and
relational representations inspired by Core Knowledge, an artificial system could
construct explicit internal world models that support not only prediction and con-
trol, but also explanation and counterfactual reasoning [60]. These considerations
motivate the architectural choices in the framework proposed in this thesis, which
emphasizes the extraction of structured, object-based representations from visual
inputs and the use of symbolic or relational reasoning mechanisms to model envi-
ronment dynamics in an interpretable manner.

3.2.5 Cognitive Models and Symbolic Representation

The integration of cognitive principles with symbolic AI offers a path toward systems
that combine the learning capabilities of neural networks with the interpretabil-
ity and reasoning power of symbolic representations. The cognitive architectures
such as ACT-R [61] and SOAR [62] have demonstrated the value of hybrid systems
that integrate symbolic reasoning with sub-symbolic processing, enabling more ef-
ficient learning and generalization. Intuitive physics research in cognitive science
has revealed that humans possess sophisticated, often implicit, models of physical
phenomena that enable prediction and reasoning about object motion, stability,
and interactions. Incorporating similar models into AI systems could enable more
sample-efficient learning and better generalization, as systems would not need to
learn fundamental physical principles from scratch. The causal reasoning is central
to human intelligence, enabling understanding of why events occur and prediction
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of the consequences of interventions. Causal models, represented graphically or
through structured probabilistic models, provide a framework for integrating sym-
bolic causal knowledge with probabilistic reasoning. The systems that can learn and
reason with causal models may achieve more robust generalization and interpretabil-
ity than purely associative systems. Additionally, compositional semantics suggests
that effective knowledge representations should construct complex concepts from
simpler primitives. Neural-symbolic systems that learn such compositional represen-
tations can better capture the systematic structure of domains, thereby facilitating
interpretation and explanation [5].

In summary, developing interpretable AI systems requires methods to extract
structured, symbolic representations from raw sensory data while maintaining the
flexibility and learning capability of neural approaches. This requires bridging the
gap between sub-symbolic distributed representations learned by neural networks
and symbolic, compositional representations suitable for reasoning and explanation.

3.3 Positioning of the Proposed Framework

The framework developed in this thesis is positioned at the intersection of several
research directions including visual perception in dynamic environments, symbolic
knowledge extraction, cognitive modelling, and reinforcement learning. It addresses
key limitations of current approaches while building on their strengths. In relation
to deep reinforcement learning, the framework addresses two well-known limitations
of end-to-end neural approaches: their high data requirements and the opacity of
the representations they produce. Although methods such as Deep Q-Networks have
achieved strong results in visually complex domains, they typically learn implicit,
task-specific representations that provide little explicit insight into the structure of
the environment.

The proposed framework departs from standard paradigm by decoupling visual
perception from policy learning. Rather than relying on a reinforcement learning
agent to simultaneously learn perception, environment structure, and control, per-
ceptual processing is handled by dedicated neural components whose outputs are
subsequently transformed into explicit symbolic representations. This shift moves
the emphasis away from end-to-end policy optimization and toward structured en-
vironment understanding, enabling interpretability and reasoning while preserving
the advantages of neural visual processing. In this positioning, deep reinforcement
learning is not replaced but reframed: the DQN agent operates on a structured
environment representation rather than raw visual input, allowing learning to focus
on decision-making and exploration instead of implicit model acquisition. From the
perspective of neuro-symbolic AI, the framework reinforces the view that symbolic
representations remain valuable when they are grounded in perception rather than
manually specified. Unlike approaches that impose symbolic constraints on neural
models or use neural networks as auxiliary components within symbolic pipelines,
this work emphasizes the extraction of symbolic structures directly from visual ex-
perience. In doing so, it consolidates the role of neural networks as perceptual front
ends while extending neuro-symbolic integration toward the autonomous discovery
of environment rules. The framework embodies core principles of neuro-symbolic
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integration by combining neural visual processing with symbolic reasoning. This
model serves as an interpretable intermediate representation that bridges percep-
tion and action. The framework draws inspiration from Core Knowledge theory and
cognitive principles about object representation, physical causality, and composi-
tional structure. However, unlike full cognitive architectures that aim to model the
breadth of human cognition, this framework focuses on a specific task; understand-
ing and acting in dynamic visual environments and implements only those cognitive
principles most relevant to this domain. The proposed framework makes several
distinctive contributions. It demonstrates a complete pipeline from raw visual input
to symbolic knowledge extraction, to environment reconstruction to policy learning.
It shows how cognitive principles can inform the design of AI systems for dynamic
environments. And it offers a concrete instantiation of neuro-symbolic integration
in the domain of game playing.

Overall, the proposed framework is not intended as a replacement for existing
reinforcement learning systems or other established approaches, but as a model
designed to overcome key limitations of previous approaches by emphasizing inter-
pretability and explicit knowledge representation over end-to-end optimization. It
contributes to the state-of-the-art by showing how symbolic knowledge can be ex-
tracted from visual observations and structured in a form suitable for reasoning and
future interaction. The framework offers a pathway toward systems that are both
effective in dynamic environments and understandable, highlighting the potential
of neuro-symbolic approaches to enhance reasoning, exploration, and future interac-
tion. The following chapter describes in detail the design and implementation of this
framework, explaining the architectural choices, algorithms, and integration mech-
anisms that enable the extraction of interpretable symbolic knowledge from video
streams and its use in guiding reinforcement learning in reconstructed environments.

Although, the framework demonstrates a complete conceptual pipeline from raw
visual input to symbolic knowledge extraction and policy learning, the reconstructed
environment is currently defined at the design level. It serves as an intermediate
symbolic representation intended to support reasoning and learning, with a full
interactive implementation deferred to future work.
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4 Proposed Framework

The aim of this chapter is to present the framework developed for this thesis, with
the intent of describing the logical processes that have guided its realization as well
as describing its current implementation. The proposed system aims to integrate
techniques as visual perception, symbolic reasoning and reinforcement learning to in-
fer, specifically within the context dynamic environments like Atari-like video games,
symbolic and interpretable knowledge. The use of techniques such as image segmen-
tation allows the system to develop structural representations of the environment.
The result produced is used by the cognitive framework with the intent of extract-
ing symbolic and interpretable knowledge and model of the game environment. This
knowledge is then intended to be used to build an environment that leverages the
learned knowledge in which a DQN develops gaming skills. During the search for a
framework that allows good game performance, overcoming some limitations of ap-
proaches entirely based on neural approaches, the focus was on a system that exploits
cognition for building models of the internal world, and it is able to face a complete
game based on an explicit and manipulable understanding of the environment. The
following sections describe more in detail, the various components, workflow, and
principles that make this integration an alternative and complementary solution to
the modern dominant approaches in artificial intelligence.

Figure 4.1: The figure illustrates the overall architecture of the system, which consists
of three main modules. The Perception Module uses a U-Net for semantic segmentation
of raw game frames, extracting structured patches via an encoder-decoder architecture
with skip connections. These patches are passed to the Knowledge Module, which builds
a symbolic knowledge base and recreates the game environment through a rule-based
simulation, producing symbolic states. Finally, the Agent Module will receive these re-
constructed states and uses a DQN to select actions, guided by an intrinsic reward signal.

4.1 Conceptual Foundations

This section presents the development of the thesis’ themes and objectives, starting
with the definition of the fundamental design principles that guided the development
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of the work.

4.1.1 Evolution of the Idea

The initial idea for this work originated from a preliminary draft of a research pa-
per that proposed an evolutionary approach to modelling structured environments,
drawing inspiration from the principles of Core Knowledge theory. The goal was
to obtain human-interpretable representations of dynamic environments, such as
simple 2D video games, by combining a preliminary visual processing phase with
evolutionary learning mechanisms. Before the application of the evolutionary model,
the framework involves the use of a semantic network in charge of extracting the
fundamental components of the game environment. This network identifies relevant
objects, relationships, and properties within visual patches, providing a first struc-
tural organization of perceptual data. This preliminary representation constitutes
the conceptual basis from which the evolutionary system starts to build and opti-
mize rules and symbolic categories. The original hypothesis was that by developing
a system based on innate cognitive rules, it was possible to construct a symbolic
representation of an environment without relying too much on data-driven learning.
In this direction, an evolutionary algorithm has been developed those deals with
optimizing symbolic representation through a compact sets of object classes and
behavioural rules. The encoded heuristics are used to provide a useful metric for
this process. The evolutionary algorithm acted as a search procedure to refining,
compressing the above structures to provide a minimum explanatory representation
of the environment. Specifically, an incremental knowledge construction was sought
with the aim of emphasizing learning based on interaction and the observation of new
behaviours. In this direction, a bottom-up perceptual basis has developed, thanks
to sensory data and a top-down guide in which inferred knowledge informs the in-
terpretation of new observations. As a result of this evolutionary process, object
classes and behavioral rules are not identified in isolation but rather emerge from
the integration of perceptual inputs with the internal model. Once inferred, these
rules provide a symbolic description of the environment The core idea is to recreate
the analysed game environment, based on the extracted rules and the previously
observed states, and to train a DQN in this reconstructed environment. Although
the framework is still at an early stage and limited in scope, it successfully generates
a coherent symbolic representation of the game environment from low-level visual
inputs, thereby offering a concrete proof of concept for the proposed research direc-
tion. The final goal is to develop a system that is highly adaptable to a wide range
of 2D game environments, capable of generalizing across the diverse dynamics and
structural properties that characterize such domains.

4.2 Proposed Implementation

This section presents the current state of the proposed framework, developed ac-
cording to the fundamental design principles introduced earlier. Although still lim-
ited in terms of scope, functionality, and generalization, this version introduces a
method that enables a symbolic system to extract interpretable representations from
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a dynamic environment using only low-level perceptual inputs. The development is
demonstrated in a simplified scenario, a 2D game environment that evolves frame
by frame. These frames are processed initially by a semantic network and then
through a pipeline consisting of object tracking, rule inference, and class general-
ization. Using the principles of Core Knowledge as guidance, the system developed
explicit heuristics to generate symbolic knowledge about the identity and behavior of
objects, which are then used as a guide in following iterations. The decision to struc-
ture the framework as a neural network for visual preprocessing followed by a Core
Knowledge. The inspired module for interpreting segmented elements is motivated
by the limitations of conventional deep learning in temporal reasoning. Although
deep networks excel at pattern recognition within individual frames, they struggle
to capture temporal dependencies critical for action-driven decision-making [63].
By combining neural perception with a symbolic reasoning layer, the framework
leverages the strengths of deep learning while producing interpretable, structured
representations that support temporal reasoning and rule extraction, addressing
key limitations of purely neural approaches. The preliminary implementation used
yields promising results, showing that the system can construct an interpretable,
structured internal representation of the environment, track persistent objects, de-
duce interactions, and classify basic object types. This first version is not intended
as a definitive solution, but as a minimal and interpretable foundation upon which
develop more robust, generalizable and adaptive components. The following sections
examine the key framework’s modules in detail, focusing on their purpose, structure
and limitations.

4.2.1 Segmentation

The environment that the system needs to understand is represented as a sequence
of frames extracted from the game environment. These frames have to be processed
to obtain a set of non-overlapping visual units called “patches". These patches are
the primary perceptual input of the system: minimal, anonymous representations
of visual elements that can correspond to objects or parts of objects within the
environment. The framework relies on a segmentation algorithm that segments the
images of game frames generated by a simulated environment. The result of the
segmentation, appropriately coded, are used to extract the patches. As a result, the
system encounters some of the challenges typical of real visual perception, such as
noise, occlusion or ambiguity.

Network Architecture

The segmentation network is a U-Net-based convolutional neural network, specifi-
cally designed for multi-class semantic segmentation.

The network follows a symmetric encoder-decoder design: the encoder progres-
sively extracts hierarchical feature representations through convolutional blocks and
downsampling, while the decoder reconstructs spatial resolution using transposed
convolutions and skip connections. The skip connections between corresponding
encoder and decoder layers enable the network to recover fine-grained spatial de-
tails lost during downsampling, allowing for precise localization of object boundaries
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while maintaining contextual awareness (see Figure 4.2).
The encoder consists of three convolutional blocks, each composed of two con-

secutive 3 × 3 convolutional layers followed by ReLU activation functions. These
blocks progressively increase the number of feature channels (64, 128, and 256) while
reducing the spatial resolution through max-pooling operations with a stride of 2.
This design allows the network to capture increasingly abstract representations of
the input image, as the spatial resolution decreases while the number of feature
channels increases. At the bottleneck, a deeper convolutional block expands the fea-
ture dimensionality to 512 channels, enabling the network to learn the most abstract
and global features of the image.

The decoder mirrors the encoder structure and employs transposed convolutions
for upsampling. At each decoding stage, the upsampled feature maps are con-
catenated with the corresponding encoder outputs through skip connections. This
mechanism preserves spatial information and improves boundary localization in the
predicted segmentation masks. Before concatenation, the encoder feature maps are
spatially cropped in order to match the size of the decoder features.

The final output layer is a 1 × 1 convolution that maps the decoded feature
maps to the desired number of semantic classes. Since the convolutional operations
reduce the spatial dimensions of the feature maps, a bilinear interpolation step is
applied to resize the output to the original input resolution. The network outputs
dense per-pixel class scores for each semantic category. During inference, the final
segmentation mask is obtained by applying an argmax operation across the class
dimension to assign each pixel to the class with the highest predicted score.

Figure 4.2: The figure shows the U-Net architecture of the proposed framework. The
blue boxes correspond to a multi-channel feature map, indeed the white boxes represent
the copied feature map.
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4.2.2 Symbolic System as Knowledge Construction Module

This chapter describes a system module that was adopted and integrated within
the overall framework, rather than being designed and implemented entirely from
scratch. The module was incorporated as a pre-existing conceptual and functional
component, with only minimal modifications introduced to improve coherence and
interoperability with the preceding and subsequent modules of the architecture. Its
primary role is to explore a cognitive-inspired alternative for building internal world
models specifically, it is a symbolic system that derives interpretable representations
of a dynamic environment from low-level perceptual inputs.

The following sections describe synthetically the key modules of that framework,
focusing on their purpose, design, and current limitations.

Patch Extraction

The environment is represented as a sequence of discrete frames extracted from a
game-like simulation. Each frame is decomposed into a set of non-overlapping visual
units, called patches, which serve as the system’s primary perceptual input. These
patches are anonymous and minimal representations of visual elements that may
correspond to objects or object parts. In the current framework, patch extraction is
not performed through direct visual reasoning within the agent. Nevertheless, this
component has undergone a slight improvement over the originally proposed model,
as patches are no longer obtained directly from the simulated environment.

Instead, raw game frames are processed by the semantic segmentation module,
whose outputs are subsequently post-processed by a reconstruction script. This
script converts segmented objects into structured attributes, such as position and
shape, which are then used to construct simplified patch representations. This
component effectively serves as a placeholder perceptual pipeline. Its use reflects
the framework’s primary focus on symbolic modeling and knowledge representation
rather than perceptual learning.

The framework’s next development phase will add a visual segmentation module,
allowing patches to be derived from raw pixel inputs under the guidance previously
acquired knowledge. However, this process is vital for examining how the system
handles real-world perceptual challenges.

Object Formation

The object formation module is responsible for reconstructing persistent entities over
time by associating sequences of patches across frames. Since the system receives no
explicit information about object identity or permanence, this module plays a cru-
cial role in establishing continuity and coherence in the environment representation.
Object tracking is performed using a set of interpretable heuristics based on spa-
tial and temporal coherence, as well as predictions derived from previously inferred
knowledge encoded in object classes. Each object is associated with a class that
defines behavioral constraints and predictive rules. Incoming patches are matched
to existing objects according to proximity, shape similarity, and consistency with
expected behavior. Patch-to-object assignments are categorized as perfect, possi-
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ble or no-direct, allowing the system to represent both expected and unexpected
changes. Due to the sequential nature of frame processing, ambiguities frequently
arise. In order to manage this uncertainty, the system maintains multiple competing
interpretations in parallel, each corresponding to a distinct configuration of objects
and inferred behaviors. Objects are modeled as episodic reconstructions tied to
the current observation sequence, while object classes and behavioral rules provide
the basis for generalizable knowledge. This module, as integrated, establishes the
foundational link between perceptual input and symbolic representation.

Rule Inference

The rule inference module is responsible for identifying and abstracting general
symbolic rules that describe dynamic relationships between events and changes in
objects. This module operates on data produced during object tracking, it identifies
recurring correlations between observed events and unexplained property variations.
When consistent patterns are detected, the system generates generalized symbolic
rules that capture these regularities in a reusable and interpretable form. These rules
are stored in a growing knowledge base and may later inform predictions or constrain
future interpretations. In its current form, rule inference relies on correlational
analysis and does not yet implement causal or counterfactual reasoning. Despite this
limitation, the module represents an important step toward structured, interpretable
symbolic knowledge.

Pruning

Throughout the processing pipeline, the system may generate multiple individuals,
each representing a distinct interpretation of the environment. In order to prevent
uncontrolled growth in the number of maintained interpretations, a pruning mech-
anism evaluates individuals based on the coherence and simplicity of their expla-
nations. Scoring criteria include the number of unexplained changes, adherence to
object class rules, and overall explanatory complexity. Interpretations that achieve
the highest scores are retained, while others are scheduled for removal after a short
grace period, allowing confirmation from subsequent frames. This pruning strat-
egy balances flexibility and computational efficiency, ensuring that the system can
explore alternative hypotheses without incurring prohibitive computational costs.

Generalization

A central objective of the framework is the ability to generalize across different game
environments without extensive retraining. Generalization is achieved through the
formation of object classes that abstract away from individual episodic instances
and encode stable structural and behavioral regularities. These classes act as flexi-
ble blueprints that support recognition and interpretation of similar objects in new
environments. Learned classes can guide object formation and prediction in unfa-
miliar scenarios, with class assignments emerging gradually as consistent behaviors
are observed. When new observations systematically violate existing class rules, the
system can adapt by refining or splitting classes to preserve internal consistency.
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This mechanism enables incremental refinement of symbolic knowledge while main-
taining interpretability and supporting transfer learning grounded in explicit object
classes and rules.

4.2.3 From Symbolic Rules to a Playable Environment

The module presented in the previous section is capable of extracting meaningful
symbolic representations from raw perceptual input. The system successfully iden-
tifies object classes, tracks their properties over time, and infers a set of interaction
rules that closely match the dynamics encoded in the original environments. These
rules capture not only static object attributes, but also conditional behaviors trig-
gered by events such as contacts, disappearances, and user inputs, providing an
explicit and interpretable description of the environment’s underlying structure. In
addition, the results obtained in previously executed experimental evaluation suggest
that the inferred rules are stable, transferable across episodes, and robust to moder-
ate environmental variations, reinforcing the hypothesis that they could eventually
support the automatic generation of executable environments. From a conceptual
standpoint, this inferred symbolic representation constitutes a natural candidate for
the construction of a fully autonomous game environment. In principle, the object
classes and behavioral rules discovered by the system could be compiled into an
executable world model, allowing an agent to interact with an environment gen-
erated directly from learned knowledge. This capability would represent a crucial
step toward closing the loop between perception, knowledge acquisition, and action.
However, in the current stage of this work, the automatic synthesis of a playable en-
vironment from symbolic rules has not yet been implemented. Despite the inferred
rules are sufficiently expressive to describe the observed dynamics, translating them
into a complete and robust simulation raises additional challenges, including conflict
resolution between rules, temporal coordination, and the handling of incompletely
specified or ambiguous behaviors. For this reason, the experiments presented in this
thesis adopt a simulated game environment as a proxy for the rule-generated world.
A Deep Q-Network (DQN) agent is then trained to interact with this simulated envi-
ronment, using state descriptions and event-based rewards derived from the system’s
representations. This approach allows the investigation of how an agent can learn
effective control policies over an interpretable and structured state space, without
relying on dense, task-specific reward functions. Crucially, the use of a simulated en-
vironment does not undermine the long-term objectives of the framework. Rather,
it serves as a controlled experimental platform that enables the validation of the
proposed learning mechanisms. In this sense, the simulated game world employed
in this thesis should be regarded as a placeholder for future developments, in which
symbolic rules will directly give rise to the environments in which agents learn and
act.
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4.2.4 Generic Environment as a Transitional Representa-
tion

Generic Environment Design

To ensure domain independence, scalability, and reusability, a generic environment
was implemented. The primary objective of this design is to avoid hard-coded
assumptions about the environment structure, semantics, or task objectives, allowing
the same learning architecture to be deployed across heterogeneous domains with
minimal modification. The environment operates under the assumption that the
underlying simulation exposes a set of observable attributes. Rather than relying
on manually defined state representations, the system employs an automatic state
discovery mechanism based on reflection. All observable numerical and boolean
attributes of the simulation object are identified dynamically and treated as raw
features. These attributes collectively define the agent’s observation space, without
encoding any semantic meaning such as object identity, spatial relations, or goals. By
exposing only unstructured numerical signals, the agent is forced to infer regularities,
correlations, and causal dependencies directly from experience. As a result, the
learning process remains agnostic to the specific domain and does not depend on
expert-designed representations.

Generic event detection and causal abstraction

In parallel with state extraction, the environment implements a fully generic event
detection mechanism. Events are defined as significant changes in observable at-
tributes between consecutive time steps. With this strategy is not necessary to
impose prior classification, symbolic labeling, or domain knowledge: any attribute
variation exceeding absolute or relative thresholds is considered an event. This de-
sign reflects the assumption that interaction-relevant structure emerges from change,
rather than from static state descriptions. Both discrete transitions (e.g., boolean
flips or integer changes) and continuous dynamics (e.g., velocity or position vari-
ations) are captured uniformly. Each event is treated as equally informative at
detection time, deferring any notion of importance or hierarchy to later stages of
learning. Detected events are temporally organized into causal chains, under the
hypothesis that clusters of events occurring within short temporal windows corre-
spond to structured interactions between the agent and the environment. Longer
chains are interpreted as evidence of richer causal dynamics, and they form the basis
of the intrinsic reward signal described below.

4.2.5 Deep Q-Network in a Domain-Agnostic Environment

A Deep Q-Network (DQN) agent is trained to interact with the generic environ-
ment described above. The agent receives observations derived exclusively from
automatically extracted numerical attributes [1], without relying on hand-crafted
object semantics or task-specific encodings. Consequently, the DQN operates on
a flat and unstructured state representation, learning control policies directly over
raw features.
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The underlying goal is to develop an agent capable of adapting to a diverse
set of environments without being explicitly provided with environment-specific re-
ward functions. The training follows a standard off-policy DQN framework [28],
incorporating experience replay, target network stabilization, gradient clipping, and
ε-greedy exploration. However, unlike classical reinforcement learning setups, the
agent is not guided by an externally defined reward function tied to task success or
failure.

Reward

The underlying goal is to develop an agent capable of adapting to a diverse set of
environments without being explicitly provided with environment-specific reward
functions. In order to achieve this, rather than relying on sparse or task-specific
rewards, the agent is trained with a composite intrinsic reward that reflects the
causal structure of the environment. This design choice is inspired by the extensive
literature on intrinsic motivation in reinforcement learning, which proposes internal
reward signals to drive exploration and autonomous skill acquisition [64]. The com-
posite reward structure combines multiple components that encourage meaningful
interaction with the environment. Instead of relying on task-specific signals, the
agent is rewarded based on the effects of its actions, including event-driven changes
and measures of causal impact.

Event-centered reward

A key innovation of the proposed framework is the adoption of an event-centered in-
trinsic reward structure. Instead of rewarding goal completion, the agent is rewarded
for generating meaningful changes in the environment. This perspective aligns with
approaches that replace explicit objectives with measures of novelty, surprise, or
interaction richness [65]. Detected events are grouped into causal chains, and re-
wards are assigned as a function of chain length using a power-law formulation.
This choice reflects the intuition that behaviors producing extended sequences of
effects are more informative and structurally significant than isolated changes. Im-
portantly, no assumption is made about which events are "good" or "bad"; reward
emerges solely from interaction richness.

Causal impact bonus

To further encourage intentional behavior, the framework introduces a causal im-
pact bonus. For each action, the observed state transition is compared with a
counterfactual transition produced by a no-op baseline. The difference between
these transitions provides an estimate of how strongly the agent’s action influenced
the environment. This mechanism rewards actions with a clear causal footprint, dis-
couraging passive or redundant behaviors and promoting actions that actively shape
the environment’s dynamics. The notion of causality here is purely operational and
does not rely on symbolic causal models.
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Curiosity-driven bonus

Intrinsic motivation is further reinforced through a curiosity mechanism based on
predictive modelling. A learned forward model attempts to predict the next state
[66] given the current state and action. The prediction error of this model serves
as an intrinsic reward signal, encouraging the agent to explore regions of the state
space that are novel, complex, or difficult to predict. This formulation aligns with
the view that learning progress and model error are proxies for informational gain.
The forward model is trained online, ensuring that curiosity adapts dynamically as
the agent’s understanding of the environment improves.

Evaluation Perspective

Due to no extrinsic goal is defined, performance is not evaluated in terms of task
completion. Instead, evaluation focuses on survival time, behavioral stability, and
the agent’s ability to maintain coherent interaction with the environment over ex-
tended periods. This choice reflects the underlying philosophy of the framework:
learning is assessed by the richness and persistence of interaction rather than by
predefined success criteria. In this implementation, temporal reasoning emerges
through several mechanisms. The discount factor encourages long-term planning by
valuing future rewards, while the replay buffer allows the agent to learn from past
sequences of interactions. Additionally, a forward dynamic model explicitly predicts
future states, enabling the agent to anticipate the consequences of its actions. The
causal event tracker further reinforces multi-step strategies by rewarding chains of
temporally connected events. Together, these components allow the agent to handle
delayed rewards, learn action timing, and develop long-term strategies.
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5 Implementation

This chapter describes the concrete implementation of the proposed framework, de-
tailing the end-to-end processing pipeline, the architectural design choices, and the
implementation of each system module. The framework integrates visual percep-
tion, symbolic reasoning, and reinforcement learning into a unified and modular
architecture capable of discovering structure, causality, and control strategies from
raw sensory data, validated in a dynamic game environment.

5.1 End-to-End Pipeline

The implemented system follows a fully automated end-to-end pipeline that pro-
cesses raw visual observations and transforms them into symbolic knowledge and
action policies. The pipeline is designed to progressively increase the abstraction
level of information, moving from pixels to semantic objects, then from symbolic
events to decision-making strategies (see Figure 4.1).
The pipeline operates through the following stages:

• Visual input acquisition
Frames are captured from the environment or loaded from logged gameplay
sessions, each frames represents the full observable state of the environment
at a given time step.

• Image preprocessing
Input images are resized to a fixed spatial resolution and normalized using
standard ImageNet statistics [67]. This ensures numerical stability and com-
patibility with convolutional neural networks pretrained or inspired by stan-
dard vision architectures.

• Semantic segmentation
A deep convolutional model assigns a semantic class to each pixel, produc-
ing dense segmentation masks that identify relevant entities such as the ball,
paddle, bricks, and background (see Figure 5.1a).

• Patch extraction and object tracking
Segmented regions are converted into patches and tracked across consecutive
frames, forming persistent object hypotheses with temporal continuity.

• Symbolic abstraction and reasoning
Visual objects are mapped into symbolic entities described by properties,
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events, and inferred rules. A population-based heuristic process evaluates al-
ternative symbolic explanations and selects the most coherent ones (see Figure
5.1b).

• Reinforcement learning
A reinforcement learning agent interacts with the environment through a
generic symbolic interface. The rewards are derived from intrinsic measures of
causality, novelty, and event generation (see Figure 5.1c).

• Logging and persistence
Intermediate representations, learned models, and symbolic populations are
saved, enabling reproducibility, debugging, and incremental refinement.

(a) (b)

(c)

Figure 5.1: The framework consists of (a) a neural perception layer for raw data pro-
cessing, (b) a symbolic module for knowledge base construction, and (c) a DQN agent
utilizing intrinsic motivation for environment-agnostic policy learning.
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This pipeline enables learning and reasoning without relying on handcrafted
semantic labels or domain-specific reward functions. While semantic labels are used
internally by the segmentation module to generate class maps, they are not, actually,
provided as supervision for symbolic reasoning or reward assignment; the agent and
the symbolic engine operate purely on observed state changes and event structures.

5.2 General Architecture of the Framework

5.2.1 Design Choices

The architecture of the framework is guided by four fundamental design principles,
each contributing to its flexibility, robustness, and transparency.

The first principle, modularity, ensures that each component of the system is im-
plemented as an independent, self-contained module with clearly defined interfaces.
This design allows vision, symbolic reasoning, and reinforcement learning compo-
nents to be developed, tested, or replaced in isolation, facilitating experimentation
and incremental improvements without disrupting the functionality of the overall
system.

Domain agnosticism represents a second cornerstone: the symbolic reasoning
and reinforcement learning modules are intentionally designed to operate over arbi-
trary simulations, without assuming any prior knowledge of game mechanics, object
semantics, or reward structures. This capability allows the framework to generalize
across diverse environments and tasks, enhancing its adaptability and reducing the
need for manual engineering.

A third guiding principle is incremental knowledge construction; whereby sym-
bolic knowledge is not static but continuously refined. As the system observes
additional trajectories, it dynamically discovers new events, rules, and abstractions,
progressively building a richer internal model of the environment. This incremental
learning mechanism mirrors human-like cognitive processes, allowing the agent to
improve its understanding over time.

Finally, interpretability sets the framework apart from conventional end-to-end
black-box approaches. By exposing intermediate symbolic representations, including
object properties, causal relationships between events, and inferred rules, the system
allows researchers and practitioners to inspect, analyse, and validate the agent’s
reasoning process. Importantly, these symbolic components do not directly influence
the DQN agent’s decisions; rather, they provide a means to quantify how much the
symbolic model has captured about the environment. This transparency not only
facilitates debugging and knowledge extraction but also provides a foundation for
explainable AI, ensuring that the agent’s decisions can be understood and trusted.

5.2.2 Selected Techniques and Algorithms

The framework combines several established techniques in a novel configuration:

• U-Net [21] convolutional architecture for pixel-wise semantic segmentation.
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• Heuristic population-based symbolic induction for rule discovery.

• Automatic state and event extraction based on attribute introspection.

• Deep Q-Learning [28] for policy learning.

• Intrinsic motivation mechanisms, including curiosity and causal impact re-
wards.

The interaction between these techniques allows the agent to learn meaningful be-
haviors even in the absence of explicit task rewards.

5.2.3 Modular Structure of the System

Visual Input Acquisition and Preprocessing Module

The frame acquisition module is responsible for efficiently handling visual input
data and preparing it for subsequent processing stages. It supports both online
acquisition of frames from live simulations and the loading of previously recorded
gameplay logs. Each frame is resized to a fixed resolution to ensure a consistent input
size for the neural network and is converted into a normalized tensor to facilitate
stable training.

The corresponding segmentation masks are loaded as integer-valued images,
where each pixel represents a semantic class identifier, allowing the network to learn
to associate spatial regions with meaningful object categories. A custom dataset
class encapsulates the logic for pairing each image with its corresponding mask,
while PyTorch data loaders handle batching, shuffling, and splitting into training
and validation sets. A fixed random seed is used to ensure reproducibility of the
dataset splits, which is crucial for consistent evaluation of model performance. By
abstracting low-level data handling, this module provides a clean interface for the
feature extraction stage, allowing the focus to remain on the learning task rather
than on preprocessing logistics.

Perception Module

The perception module performs semantic segmentation using a U-Net architecture
[21], which is highly effective for dense pixel-wise prediction tasks. The architecture
follows the classic encoder-decoder paradigm with skip connections (see Figure 4.2),
enabling the model to combine high-level semantic information with fine-grained
spatial details .

Training is conducted with a multi-class cross-entropy loss, optimized using the
Adam optimizer. In order to improve stability and generalization, the training
process incorporates data augmentation, input normalization, small batch sizes, and
early stopping based on validation loss. Evaluation metrics include pixel accuracy
and mean Intersection over Union (mIoU) [20], which quantify agreement between
predicted and ground-truth segmentation maps.
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Overall, this module abstracts the pipeline from raw video frames to class-labeled
segmentation maps, producing dense semantic representations that form the foun-
dation for downstream tasks. Its design supports reproducible training and efficient
inference, combining robust data handling with a well-established deep learning ar-
chitecture.

Symbolic Reasoning Module

The symbolic reasoning module converts low-level perceptual outputs into high-level
symbolic representations. Each segmented object is transformed into a symbolic
entity characterized by:

• A unique identifier.

• A set of observable properties (e.g., position, shape)

• A history of detected events.

• Associations with inferred behavioral rules.

Object persistence across frames is handled through patch tracking, allowing the
system to reason about temporal continuity and object identity.
Rather than injecting predefined domain knowledge, the system employs a heuristic
initialization process that generates a population of candidate symbolic explana-
tions. Each individual in the population represents a distinct hypothesis about how
objects behave and interact over time. Individuals are evaluated based on their
ability to explain observed events while minimizing unexplained changes. Scor-
ing functions reward coherence, temporal consistency, and explanatory complete-
ness. The best-performing individuals are retained, serialized, and summarized into
higher-level prototypes. These prototypes act as emergent core knowledge, cap-
turing regularities such as object dynamics or interaction patterns without explicit
supervision.

Reinforcement Learning Agent

The reinforcement learning agent is implemented using a fully generic symbolic en-
vironment designed to work across different simulations without requiring manually
engineered features.

The environment, automatically, thought a specific module, extracts all observ-
able numerical and boolean attributes from the simulation object, forming a state
representation. Each attribute represents an observable property, such as positions,
velocities. Events are detected by comparing consecutive states and identifying sig-
nificant changes in attribute values. A causal event tracker groups events occurring
within a temporal window into causal chains. Longer chains yield higher intrin-
sic rewards, encouraging the agent to discover action sequences that produce rich
and structured dynamics. Effectively, the agent is rewarded not only for individual
events but also for sequences of events that demonstrate causal influence, promoting
more complex behaviors.
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The agent is trained using Deep Q-Learning with experience replay, target networks,
and ε-greedy exploration. All these techniques are introduced to improve stability
and efficiency during training, especially:

• Experience Replay: Transitions (state, action, reward, next state, done) are
stored in a buffer and sampled randomly in batches for training. This breaks
correlations between consecutive experiences, reduces variance, and allows the
agent to reuse past experiences multiple times, improving sample efficiency.

• Target Networks: A separate target Q-network is maintained and updated
periodically with the weights of the main Q-network. This provides a stable
target for Q-value updates, mitigating oscillations and divergence that can
occur when the network is updated using its own rapidly changing estimates.

• ε-Greedy Exploration: Actions are selected according to an ε-greedy policy,
where with probability ε a random action is chosen to encourage exploration,
and with probability 1 − ε the action with the highest predicted Q-value is
selected. Over time, ε decays to favor exploitation of the learned policy while
still maintaining some exploration to prevent local optima.

A central aspect of the implementation is the use of intrinsic reward signals. The
total reward at each time step is composed of several components:

• Event-centered reward: Proportional to the number of detected events and
the length of their causal chains.

• Causal impact bonus: Measures how much the outcome of an action differs
from a no-op baseline, encouraging interventions that meaningfully affect the
environment.

• Curiosity-driven bonus:Derived from the prediction error of a learned for-
ward dynamics model, which estimates the next state given the current state
and action.

• Event density bonus:Optionally rewards large overall changes in the state
vector, promoting exploration of diverse configurations.

Formally, the total reward Rtotal can be expressed as:

Rtotal = Revent + wcausal Rcausal + wcuriosity Rcuriosity + wdensity Rdensity (5.1)

This reward structure allows the agent to learn even in environments with sparse or
absent external rewards.

5.2.4 Optimizations and Efficiency Considerations

The implementation of the framework incorporates several strategies aimed at im-
proving both computational efficiency and the stability of the training process.

One of the key measures is early stopping during the segmentation model train-
ing. By monitoring the validation loss and halting training when improvements
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plateau, the framework prevents overfitting while reducing unnecessary computa-
tional load.

In the reinforcement learning component, the dimensionality of the observation
vector is intentionally limited to reduce computational overhead and accelerate train-
ing. Although the state extractor is capable of detecting and encoding numerous
attributes from the simulation, only a small subset of numerical features is included
in the state vector passed to the agent. This reduces the computational overhead
per step and accelerates training.

Another optimization is the adaptive update of the target network in the DQN
agent. Early in training, the target network is updated more frequently to pro-
mote faster convergence, while updates become less frequent as the agent stabilizes.
This balance between rapid learning and stable evaluation mitigates the risk of
oscillations in Q-values. Additionally, the agent uses a replay buffer from which
moderate-sized batches are sampled for training. This approach mitigates correla-
tions between consecutive transitions, allows efficient reuse of past experiences, and
balances gradient accuracy with computational cost. Collectively, these optimiza-
tions allow the framework to remain tractable despite its multi-layered architecture.
By combining standard deep learning practices with domain-agnostic symbolic rea-
soning techniques, the system achieves a balance between expressiveness and com-
putational efficiency, ensuring that training and evaluation can be conducted on
realistic hardware resources.
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6 Experimental Evaluation

This chapter presents the experimental evaluation of the proposed framework, with
particular emphasis on the reinforcement learning experiments based on causal in-
trinsic rewards. Although preliminary tests on symbolic model induction are briefly
discussed to contextualize the approach, the core contribution of this work lies in the
design and validation of a domain-agnostic causal reward mechanism integrated into
a Deep Q-Network (DQN) agent and tested on different arcade-style environments.
The evaluation addresses five main questions:

1. Does per-frame semantic segmentation provide a reliable perceptual grounding
for symbolic knowledge extraction?

2. Can structured event logs bridge the gap between visual scene understanding
and symbolic world representation?

3. Can the system extract meaningful structural knowledge from interaction logs?

4. Can a fully generic, intrinsic, causally grounded reward drive effective rein-
forcement learning?

5. How do different intrinsic components (causal impact, curiosity, event density,
shaping) affect performance?

6.1 Datasets and Testing Scenarios

The experimental evaluation was conducted on procedurally generated arcade-style
environments designed to provide controlled yet structurally rich interaction dy-
namics. All environments were deterministic unless otherwise specified and were
implemented to expose structured state variables rather than raw pixel observa-
tions.

Two main domains were considered:

• A simplified Arkanoid-like environment with ball, paddle, and destructible
bricks.

• A Pong-like environment with a ball and two paddles.

For the symbolic representation experiments, three progressively complex Arkanoid
variants were used:
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• Minimal Environment: ball and walls only.

• Full Environment: ball, paddle, and bricks.

• Modified Variants: larger ball size, altered velocities, and stochastic bounce
dynamics.

For reinforcement learning experiments, the following configurations were evaluated:

• Arkanoid

– Baseline Arkanoid with 24 bricks.
– Modified Arkanoid versions for generalization testing:

∗ Increased ball size.
∗ Increased number of bricks.
∗ Altered visual properties (colors).

• Pong: environment used for cross-domain validation.

Each RL configuration was trained for up to 5000 episodes, with periodic check-
point evaluation over 100 test episodes per model. Importantly, in generalization
experiments, the trained model was evaluated without retraining under structural
modifications.

6.1.1 Evaluation Metrics: Accuracy, Interpretability, Scal-
ability

Evaluation was conducted along three orthogonal axes: task performance, structural
coherence, and interpretability. The performance was measured using win rate mea-
sured as the percentage of episodes successfully completed, average number of bricks
destroyed, average episode length (steps, in this context, one step is equal to one
frame), survival time (only for pong), and stability across evaluation runs. These
metrics quantify whether intrinsic reward is sufficient to produce goal-directed be-
havior without task-specific supervision. The symbolic layer was evaluated in terms
of coherence of induced object classes, consistency of transition rules across episodes,
stability under parameter changes, and correct abstention in stochastic conditions.
These criteria assess whether the symbolic module produces well-formed and reliable
representations of the environment. At the RL layer, interpretability was assessed
through behavioral robustness under structural modifications, invariance to visual
features, and generalization across object count variations. Rather than focusing
solely on reward maximization, this axis investigates whether learned policies reflect
structural regularities of the environment.
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6.2 Experimental Results

6.2.1 Semantic Grounding and Symbolic Log Reconstruc-
tion

A key preliminary step in our framework is the extraction of symbolic representa-
tions from visual input. The first question addressed is whether per-frame semantic
segmentation can provide a reliable perceptual grounding for symbolic knowledge
extraction, and whether structured logs can serve as an interface between visual
understanding and symbolic reasoning.

From Semantic Masks to Symbolic Logs

In principle, one might attempt to translate segmentation maps directly into sym-
bolic logs compatible with the inference module. However, early experiments showed
that this naive mapping is insufficient due to two main factors:

1. Noise in segmentation outputs: even state-of-the-art segmentation models pro-
duce spurious predictions, small artifacts, or intermittent missing detections,
which can disrupt the identification of consistent object instances over time.

2. First-generation symbolic module limitations: the initial symbolic reasoning
pipeline expects structured, temporally coherent inputs. Raw masks alone
do not encode relational information or temporal consistency, leading to frag-
mented event chains and breakdown in rule induction.

To overcome these challenges, it was developed a refinement pipeline that converts
semantic masks into structured interaction logs while preserving object identity and
temporal continuity.

Symbolic Log Reconstruction

Since the environment is a controlled synthetic domain, the geometric properties
of all game objects are known a priori. This allows segmentation output to be
systematically corrected to match the expected real-world shapes and dimensions.
For example, a brick missing a corner pixel is completed, and slightly malformed
contours are regularized. The semantic network inference is thus not treated as
ground truth, but as a noisy signal that is refined against a structural prior derived
from the environment itself.

The reconstruction process proceeds in two main stages. In the first stage, mask
parsing and object extraction, each frame is analysed to identify individual instances
of balls, paddles, walls, and bricks using connected-component analysis. Each in-
stance is assigned a unique identifier, particularly important for bricks, which can be
numerous, and position, size, and hitbox information are extracted and normalized
into a structured object description. In the second stage, frame-wise log assembly,
each frame is transformed into a structured dictionary encoding four fields: ele-
ments, containing the objects present with their properties; commands, serving as
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placeholders for agent actions at this stage; events, initialized as empty lists for
later derivation; and global_state, capturing environment-level metadata such as
score and object velocity. This pipeline ensures that the symbolic module receives
high-quality, temporally coherent logs, mitigating the effects of segmentation noise
and module sensitivity.

In addition, this procedure provides two main advantages:

• Bridging perception and symbolic reasoning: structured logs encode
both visual properties and inferred dynamics, enabling the symbolic module
to operate without direct pixel-level information.

• Noise resilience: correcting malformed contours, completing missing pixels,
and discarding spurious artifacts, compensate for residual segmentation errors,
allowing rule induction to focus on causal regularities rather than transient
noise.

6.2.2 Preliminary Validation: Symbolic Representation Learn-
ing

This section presents a set of experiments conducted using the preliminary version of
the Symbolic reasoning module. The goal is to evaluate the quality of the internal
representations learned by the model by comparing them with the ground-truth
rules governing the simulated environment.

An episode corresponds to the complete temporal sequence of frames generated
during a single gameplay session, capturing the dynamic evolution of the environ-
ment over time. In order to ensure exposure to diverse interaction patterns, the
initial position of the ball is randomized at the beginning of each episode.

At this stage of development, three different environments have been considered
for evaluation. First, a minimal version with only walls and a ball, after a complete
Arkanoid environment with paddle and bricks, and in the end, modified variants with
altered physical parameters (e.g., larger ball, increased speed, stochastic bounce).
Across these scenarios, the system demonstrated the ability to:

• Group patches into consistent object classes.

• Infer transition rules linking events (e.g., contacts) to state updates.

• Generalize structural rules across instances of the same object class.

• Adapt parameters when physical quantities change (e.g., initial velocity).

In deterministic settings, the inferred rules matched the true simulator dynamics.
When stochasticity was introduced (random bounce speed), the system correctly
refrained from extracting stable deterministic rules, highlighting a sensitivity to
statistical regularity.

Contact_Bottom-1-> Disappearance
Contact-0-> vy[i+1] =-1 * vy[i] + 0
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Interpretation:

• Bricks disappear when hit, reflecting object removal in the environment.

• Velocity inversion occurs upon element contact.

Additionally, transfer experiments showed that initializing object classes from pre-
viously processed episodes drastically reduced convergence time, confirming that
structural representations are reusable across similar environments.

The experiments reported here should be considered exploratory. Nevertheless,
they provide a meaningful proof of concept for the proposed framework. In particu-
lar, the results highlight the system’s ability to formulate structural hypotheses after
a relatively limited number of interactions, and to revise or adapt these hypotheses
when exposed to variations in the environment.

6.2.3 Reinforcement Learning module

The central contribution of this work is the design of a fully generic reinforcement
learning environment wrapper capable of:

• Automatically extracting observable state variables.

• Detecting significant state transitions as events.

• Building short causal event chains.

• Generating intrinsic rewards from structural interaction patterns.

Arkanoid Experiments

A systematic evaluation was conducted across multiple reward configurations, each
trained for up to 5,000 episodes on the Arkanoid environment. For this framework,
one episode corresponds to one complete game, composed of individual steps where
each step advances the simulation by exactly one frame.

In this first set of experiment, the game consists of 24 destructible bricks that the
agent must eliminate within a 60-second time limit to avoid infinite loop situations.
For each configuration, three model checkpoints were preserved during training: the
model achieving the highest cumulative reward (best_reward), the model with the
best time-efficiency score, meaning the goal of surviving longer in the environment
(best_time), and the final model at the end of training (last_generic). Final perfor-
mance was evaluated using four complementary indicators: win rate, mean number
of bricks destroyed per episode, average episode length (in steps), and consistency
across evaluation runs.

The three reward configurations tested were: pure causal and curiosity with-
out shaping or density (no_shaping_no_density), causal reward combined with a
handcrafted paddle-ball alignment bonus (yes_shaping_no_density) and causal re-
ward augmented with an event-density component rewarding the magnitude of state
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transitions (no_shaping_yes_density). These were benchmarked against a refer-
ence model (WINNING_MODEL) trained with full supervision, which achieved a
100%-win rate and an average episode length of approximately 1,791 steps.

Configuration 1: Pure Causal + Curiosity (no_shaping_no_density)

This configuration produced the most consistent and robust results across all check-
points. The last_generic_model, representing the agent’s behavior at the end of the
full training run, achieved a 99% win rate with an average of 23.98 bricks destroyed
per episode and a mean episode length of approximately 1,687 steps across winning
runs. The best_reward checkpoint also performed strongly at 81% wins, and the
best_time checkpoint reached 77%.

In both cases, failures were exclusively caused by episodes where the agent be-
came stuck in degenerate loops rather than showing any systematic policy break-
down, as evidenced by the extremely high step counts (reaching up to ∼484,000
steps) in non-winning episodes. This loop behavior indicates the agent retained ball
contact but failed to progress toward brick destruction, rather than losing the ball
entirely. Importantly, because the reward depends only on event chains, the agent
has no prior notion of which events are strategically more valuable. For instance,
a sequence involving two wall collisions generates the same intrinsic signal as a se-
quence consisting of a wall collision followed by a brick hit. The system does not
encode predefined relevance; it simply maximizes structured interaction.

The central outcome of this configuration is that an intrinsic reward signal
grounded solely in causal interaction structure is sufficient to achieve near-optimal
control. Even in the absence of any task-specific or externally engineered reward,
the agent autonomously acquires behaviors such as correctly deflecting the ball,
maintaining prolonged exchanges, and progressively eliminating all bricks.

This finding supports the core hypothesis of the thesis: the causal structure
embedded in state-transition sequences provides sufficient informational richness to
drive effective policy learning in this domain, even without explicit goal-oriented
reward shaping.

Configuration 2: Shaping Enabled - No Density

The introduction of a handcrafted shaping term rewarding paddle-ball alignment
produced markedly degraded and unstable performance. The best_reward check-
point failed completely, achieving a 0%-win rate across all 100 test episodes, with
each episode terminating in fewer than 30 steps. Inspection of the step counts con-
firms the agent was losing the ball almost immediately after launch, suggesting the
policy learned to maximize the alignment reward at the expense of ball retention.
The best_time and last_generic checkpoints recovered partially, reaching win rates
of 54% and 53% respectively, but both remained well below the unshaped config-
uration. This degradation is interpretable as a form of reward hacking [68]. The
alignment bonus creates a shortcut in the reward landscape: the agent can accu-
mulate shaping reward by positioning the paddle near the ball’s projected contact
point without necessarily developing the long-horizon behavior required to destroy
all bricks. When the shaping signal dominates early training, it crowds out the
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structural curiosity signal that would otherwise drive exploration of causal interac-
tion chains. The result is a policy that is locally well-calibrated for paddle position-
ing but globally brittle. This finding has an important methodological implication:
handcrafted shaping signals can be harmful when a strong intrinsic structural re-
ward is already present, because they introduce competing learning pressures that
distort the trajectory of policy improvement.

Configuration 3: No Shaping - Density Enabled

Adding an event-density component, a reward term proportional to the magnitude
of state change across consecutive frames, produced the highest peak performance
of any configuration. The best_time checkpoint achieved a 100%-win rate with an
average of 24.00 bricks destroyed per episode and a mean episode length of ap-
proximately 1,804 steps, essentially matching the supervised reference model. This
represents a complete and reliable solution to the environment under purely intrinsic
motivation.

However, the across-checkpoint variance was substantially higher than in the
no-density configuration. The best_reward model achieved only 52% wins and ex-
hibited a characteristic bimodal failure pattern: some episodes terminated in under
100 steps, suggesting immediate ball loss, while others ran for hundreds of thousands
of steps, suggesting loop behavior. The last_generic model reached 57% wins, with
similar instability. This variance suggests that the density reward accelerates early
exploration, helping the agent discover productive interaction patterns more quickly,
but introduces optimization instability that makes the final learned policy less reli-
able. The density term rewards novelty in state transitions independently of their
causal structure. While this promotes rapid coverage of the state space, it may also
encourage the agent to seek dynamically rich states that are not strategically useful
for brick destruction, thereby disrupting the convergence properties that the pure
causal signal provides.

Configuration 4: Shaping Enabled - Density Enabled

The simultaneous activation of the handcrafted paddle-ball alignment bonus and
the event-density term produced a markedly different dynamic compared to the
previous configurations. Unlike the shaping-only setup, which collapsed due to re-
ward hacking, and the density-only configuration, which showed high variance across
checkpoints, this combined formulation achieved both high peak performance and
strong final reliability.

The best_time checkpoint reached a 100% win rate, destroying all 24 bricks in
every episode with an average episode length of approximately 1, 761 steps. This
performance fully matches the supervised reference model. Crucially, unlike the
density-only configuration, the success here is not transient: the last_generic check-
point maintains a 96% win rate, indicating that performance remains stable at the
end of training rather than appearing only as a temporary optimum.

The best_reward checkpoint achieved a lower but still substantial 78% win rate.
As in other density-based settings, non-winning episodes display extremely high step
counts (∼430,000 steps), indicating degenerate loop behavior rather than immediate
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ball loss. This confirms that the dominant failure mode remains structural stagna-
tion rather than control breakdown. From a learning-dynamics perspective, the den-
sity component appears to mitigate the pathological effect observed when shaping is
used in isolation. In the shaping-only configuration, the alignment bonus dominated
early training, encouraging locally optimal paddle positioning without long-horizon
brick-clearing behavior. When density is added, however, the agent continues to
receive reward for dynamically rich state transitions, preventing premature con-
vergence to alignment-focused strategies. The resulting behavior is both globally
competent and locally precise. The agent consistently maintains long interaction
chains, progressively eliminates bricks, and rarely collapses into early termination
patterns. The presence of occasional loop episodes suggests that optimization insta-
bility is not entirely removed, but its frequency is substantially reduced relative to
density-only training. The central implication of this configuration is that intrinsic
reward components are not inherently antagonistic; rather, their interaction depends
on balance. While shaping alone distorts the learning landscape, and density alone
introduces variance, their combination can produce near-perfect performance with
high reliability.

Table 6.1: Performance comparison across all model configurations.

Model Win Rate Avg Bricks Avg Steps (wins)

WINNING_MODEL (reference) 100% 24.00 1,791

no_shaping_no_density – best_reward 81% 23.75 1,638
no_shaping_no_density – best_time 77% 23.03 1,998
no_shaping_no_density – last 99% 23.98 1,6878

yes_shaping_no_density – best_reward 0% 0.00 24
yes_shaping_no_density – best_time 54% 22.18 1,766
yes_shaping_no_density – last 53% 20.21 1,611

no_shaping_yes_density – best_reward 52% 16.48 1,794
no_shaping_yes_density – best_time 100% 24.00 1,804
no_shaping_yes_density – last 57% 21.06 1,662

yes_shaping_yes_density – best_reward 80% 23.44 1,835
yes_shaping_yes_density – best_time 100% 24.00 1,765
yes_shaping_yes_density – last 97% 23.88 1,780

Final consideration

Two configurations produced models that approach the supervised reference: shaped
causal reward with density (yes_shaping_yes_density) and causal reward with den-
sity (no_shaping_yes_density). Both incorporate the same intrinsic density mod-
ulation, yet they differ in the presence of an additional shaping term.

Empirically, the configuration without shaping achieves perfect performance and
stable convergence, whereas the shaped counterpart, although capable of reaching
high win rates, exhibits greater variance and reduced robustness across checkpoints
(see Figure 6.1). This contrast suggests that the density component alone, while
capable of driving strong performance, provides a purely magnitude-based signal:
it rewards large overall state transitions without distinguishing whether they con-
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Figure 6.1: The figure shows the average reward over 5,000 training episodes for four
different configurations of the DQN agent on the Arkanoid environment. All config-
urations start with similar low rewards and begin to diverge around episode 2,000.
The configurations with density reward (yes_density) tend to achieve higher aver-
age rewards, with no_shaping_yes_density reaching the peak around episode 4500.
The yes_shaping_no_density configuration shows the weakest performance in the later
episodes.

tribute to long-term task structure. When shaping is introduced alongside density,
it does not conflict with the intrinsic reward. Instead, it adds a mild directional bias
that can regularize exploration by encouraging locally coherent behaviors, without
overriding the causal signal. In other words, the density term amplifies state vari-
ation in a domain-agnostic manner, whereas shaping introduces weak task-aligned
structure. Their combination does not distort the optimization landscape; rather,
it slightly constrains it in a way that can improve stability. Empirically, this is
reflected in the high and consistent performance of the yes_shaping_yes_density
configuration, which remains competitive with the purely density-driven variant.

However, the shaping component presupposes deeper prior knowledge of the
environment. Designing an effective shaping reward requires assumptions about
task structure, desirable intermediate behaviors, or implicit notions of progress. In
this work, shaping was introduced only as an experimental probe, to test whether
explicit guidance could complement with the intrinsic causal formulation. However,
the primary objective of the proposed framework is to remain environment-agnostic.
The agent should rely solely on the structural properties of interaction dynamics,
without handcrafted bonuses tailored to a specific game.

Extending the comparison, two configurations ultimately match or approach the
supervised reference: pure causal reward (no_shaping_no_density) and causal re-
ward with density (no_shaping_yes_density). The crucial distinction between them
lies not in peak performance but in training stability. The pure causal configura-
tion converges reliably and maintains strong performance across checkpoints, while
the density-augmented configuration reaches its optimum only transiently during
training before destabilizing [69].
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In summary, these experiments demonstrate that the causal interaction struc-
ture captured by the proposed intrinsic reward is both necessary and sufficient for
learning to play Arkanoid without any external reward signal. The agent must not
only establish contact with the ball but maintain extended chains of coordinated
interactions across dozens of bricks, operating over long temporal horizons. The
fact that this competence emerges without shaping and, without task-specific pri-
ors, reinforces the central claim: structured intrinsic motivation grounded in causal
interaction dynamics is both robust and general, and does not require environment-
dependent reward engineering.

6.2.4 Generalization Under Structural Modifications

To further evaluate the structural robustness of the learned policy, the best-performing
Arkanoid model was tested under controlled modifications of the environment, with-
out performing any retraining. The goal was to determine whether the learned
behavior depends on superficial perceptual features or whether it captures deeper
causal regularities of the domain.

Figure 6.2: From left to right: the three stylistic modifications introduced in the envi-
ronment — increased paddle size, increased number of bricks, and altered object colours.

Three types of modifications were introduced: an increase in ball size, an in-
crease in the number of bricks, and variations in the visual appearance of objects
such as colors (see Figure 6.2). In the first experiment, the ball size was increased by
a factor of five, significantly altering collision geometry and raising the probability
of multiple brick contacts within a single frame. Despite this substantial physi-
cal change, the agent maintained stable behavior and continued to solve the task
reliably. This result is particularly meaningful given that the observation space en-
codes normalized physical variables, positions and velocities, and that the intrinsic
reward is derived exclusively from state transitions and causal impact. The policy
is therefore not tied to specific geometric assumptions about object scale; instead,
it reacts to relational dynamics such as ball-paddle alignment, collision-induced ve-
locity changes, and brick disappearance events, demonstrating clear invariance to
object size as long as the underlying causal interaction structure remains consistent.
In the second experiment, the number of bricks was increased beyond the original
24, affecting episode length, event frequency, and interaction density. Performance
remained high even without retraining, with the agent successfully clearing the en-
vironment in most test runs. This outcome suggests that the learned policy does
not memorize fixed spatial layouts but generalizes across variations in object count.
Since the intrinsic reward depends on event chains and causal impact rather than
explicit score signals, the agent remains motivated to generate meaningful interac-
tions regardless of how many bricks are present the objective internalized by the
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network is not destroy exactly 24 bricks, but rather something closer to maximiz-
ing structured causal engagement with the environment. Finally, additional tests
confirmed that modifying the colours of the ball, paddle, and bricks has no effect
on performance. This invariance follows directly from two core design choices: the
observation extractor operates on numerical state attributes rather than raw pixels,
and the reward mechanism depends exclusively on state transitions and causal dif-
ferences. As a result, the policy is entirely insensitive to changes in color, texture, or
visual theme. Taken together, these experiments highlight a fundamental property
of the proposed framework: the learned behavior is grounded in causal structure,
not perceptual appearance.

6.2.5 Pong Experiments

To test domain generality, the same framework was applied to Pong without struc-
tural modification of the intrinsic reward mechanism. The techniques developed for
Arkanoid transfer effectively to Pong ( see Figure 6.3), confirming that the approach
is not tied to a specific game architecture. However, model performance in Pong
is noticeably lower, which can be attributed to the fact that Pong generates fewer
simultaneous events compared to Arkanoid, providing a sparser set of interaction
opportunities for the agent to exploit. Training logs show gradual increases in sur-
vival time and event chain complexity. After 1000 episodes, the average survival
time reached approximately 1.3 seconds, indicating that the agent had begun ex-
ploiting interaction regularities but had not yet converged to expert-level behavior.
Although Pong learning is slower than Arkanoid, the same intrinsic reward structure
drives improvement without any task-specific reward definition. This supports the
claim that the proposed reward mechanism captures generic properties of interactive
dynamics rather than game-specific objectives.

Figure 6.3: The figures represent the Pong environment.

6.2.6 Critical discussion of the results

The experimental results highlight several important findings concerning both the
representational layer and the reinforcement learning dynamics enabled by the pro-
posed framework.

First, the symbolic modeling component confirms that the system captures con-
sistent object-centric causal dynamics in deterministic environments and adapts pa-
rameters under structural modifications. The induced rules remain stable when
physical quantities such as velocity magnitude or object size change, provided that
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the underlying causal mechanisms are preserved. This establishes that the rep-
resentation layer encodes structural regularities rather than superficial statistical
correlations.

Second, the reinforcement learning experiments demonstrate that purely intrin-
sic, causally grounded reward signals can drive complex goal-directed behavior. The
agent successfully learns to solve Arkanoid without any handcrafted task reward.
In fact, the experiments show that adding shaping signals can be detrimental when
intrinsic structural rewards are already informative, suggesting that externally im-
posed heuristics may interfere with the emergence of structurally coherent policies.
Event-based causal interaction appears to function as a powerful exploration driver,
encouraging sustained engagement with meaningful environment dynamics. The
strongest empirical result is the near-perfect performance (up to 100%-win rate) in
Arkanoid using only domain-agnostic intrinsic rewards. This suggests that maxi-
mizing structured causal interaction with the environment can implicitly approxi-
mate goal-directed behavior in tasks where success depends on maintaining coherent
interaction chains over time. Crucially, the generalization experiments further rein-
force this interpretation. The best-performing Arkanoid model was evaluated under
structural modifications, including increased ball size, increased number of bricks,
and variations in visual appearance, without any retraining. Performance remained
stable across these changes. This invariance is particularly significant. The agent
does not rely on fixed geometric assumptions (such as a specific ball size), nor does
it encode expectations tied to a fixed number of bricks. Instead, it continues to
generate effective behavior when the interaction density increases or when collision
geometry slightly changes. Likewise, modifications to colours or visual attributes
do not affect performance, since the observation space is defined over normalized
physical state variables rather than pixel-level features.

67



7 Conclusion and Future Works

This thesis has examined fundamental limitations in contemporary artificial intelli-
gence systems, particularly their brittleness, limited reasoning capabilities, and lack
of transparency. Modern large language models often operate through large-scale
statistical pattern extraction rather than grounded semantic understanding, while
deep reinforcement learning agents typically fail to construct transferable, structured
knowledge about the environments in which they operate. In both cases, the dom-
inant paradigm remains heavily sub-symbolic and correlation-driven, with limited
capacity for explicit causal modelling or conceptual abstraction.

Drawing on insights from philosophy, cognitive science, and artificial intelligence
research, this work aligns with a growing body of scholarship arguing for hybrid ar-
chitectures that integrate symbolic structure with neural computation. Researchers
such as Melanie Mitchell and Gary Marcus have emphasized the importance of com-
bining statistical learning with structured reasoning in order to achieve robustness,
interpretability, and systematic generalization.

Inspired by Core Knowledge Theory, this thesis leverages the foundations of a
framework that constructs structured representations of dynamic environments by
identifying entities through fundamental properties and modelling their interactions
symbolically. Rather than relying solely on end-to-end optimization, the system
abstracts object classes, infers interaction rules, and builds a reusable structural
representation of the environment.

Preliminary empirical results indicate that this structured approach improves
interpretability, robustness under environmental modifications, and explainability of
learned behavior in dynamic domains. At the same time, several challenges remain:
the current implementation lacks deep context-based reasoning, operates with a still
limited and immature knowledge base, faces potential combinatorial growth in rule
induction, does not yet fully integrate formal causal reasoning mechanisms, and
does not perfectly incorporate the perceptual module. These limitations define a
rich space for future research.

7.1 Future Directions

The framework, in its present form, demonstrates that symbolic, interpretable mod-
els of dynamic environments can be constructed by grounding object tracking and
rule inference in structural priors. Although the initial validation in controlled game
environments shows promising generalization and robustness, further development
is necessary to extend the framework’s scalability and applicability.
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7.1.1 Perception Module

A first essential extension concerns the integration of an explicit perception module
tightly coupled with the symbolic representation layer. Although a perceptual ele-
ment has been introduced in the current implementation, segmentation outputs are
refined post hoc into structured logs rather than being directly extracted as object
patches. A more advanced architecture would introduce a bidirectional loop:

• Bottom-up perception extracts candidate object patches from raw frames.

• Top-down predictions from the symbolic model guide attention toward ex-
pected spatial regions.

Once an object has been modelled symbolically, its predicted future position could
inform attention mechanisms in the segmentation stage, focusing computation on
areas where the object is expected to appear. This integration of perceptual input
with conceptual priors would significantly improve robustness to noise and partial
observability, while enabling scaling to real-world visual domains.

7.1.2 RL Integration

A further extension of this work involves embedding the existing framework within
a fully model-based reinforcement learning architecture, inspired by a Dyna-style
approach. In the current implementation, the agent relies primarily on off-policy
Q-learning and incorporates a forward model only indirectly through curiosity-based
reward shaping. While this provides some predictive information, the agent does not
yet use the symbolic internal representation to plan or simulate future trajectories
explicitly.

In order to achieve a fully model-based setup, the symbolic internal represen-
tation could be leveraged as a predictive engine for internal rollouts. In this con-
figuration, the agent would maintain an internal model of the environment derived
from the structured rules and object representations. Incoming observations would
be encoded into symbolic states capturing the relevant entities and their properties,
and potential actions could be evaluated by simulating their effects within this in-
ternal model. This refinement would allow the agent to anticipate the consequences
of actions before executing them in the real environment, using the symbolic frame-
work not only for decision-making but also as a testable hypothesis of environmental
dynamics. Discrepancies between predicted and actual outcomes would then inform
continuous refinement of the internal model. This approach could preserve the ex-
isting modules, event detection, causal chains, curiosity, and density-based shaping,
while augmenting the system with planning capabilities and enhanced interpretabil-
ity, progressively transforming it into a fully model-based agent.

7.1.3 Generalization Across Environments

Another important avenue for future research is the evaluation and enhancement
of the framework’s ability to generalize across different environments. Although
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current experiments demonstrate promising transfer within similar game instances,
extending the symbolic representation and rule abstraction mechanisms to support
entirely new domains remains largely unexplored. Future work could investigate
how the structured knowledge captured by the framework, such as object classes,
interaction rules, and causal chains, can be adapted or reused in novel environments,
providing robust generalization while minimizing retraining. This could involve
mechanisms for abstracting high-level patterns, aligning entities across domains, or
leveraging meta-learning strategies to accelerate adaptation to previously unseen
scenarios.
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