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ABSTRACT

Reinforcement Learning (RL) has achieved remarkable success in
sequential decision-making tasks, particularly under restrictive con-
ditions such as full observability, on-policy interaction, and online
learning. However, outside these conditions, hence especially in
Multi-Agent (MA) domains, policies become brittle to distribution
shifts and confounding, leading to poor generalization and lim-
ited transferability. Motivated by these limitations, my PhD project
aims to identify when and why causal learning and reasoning are
necessary or desirable in (MA)RL, and how they can be systemat-
ically integrated within (MA)RL methods to improve robustness,
efficiency, and interpretability of the decision-making process.
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1 INTRODUCTION AND MOTIVATION

Artificial Intelligence (AI) continues to expand the capabilities of
artificial agents operating in real-world environments, driven by
advances in areas such as Multi-Agent Systems (MAS) [44], Plan-
ning [35], Deep Learning [13], Reinforcement Learning (RL) [43],
and more recently, Agentic Al [41].

Despite these advances, it has become increasingly clear that
many Al systems still lack a genuine capacity to understand and
reason about complex decision-making tasks. Current approaches
excel at recognizing patterns, however often fail to properly gener-
alize and transfer their expertise across domains and tasks, as they
lack the ability to robustly reason about the underlying mechanisms
that generate those patterns. As a result, a growing body of work
has identified causality—the ability to reason about cause—effect
relationships—as a key scientific direction for advancing Al be-
yond pattern recognition towards more robust, adaptable, and in-
terpretable systems [21, 33].
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Along these lines, there is evidence that human-level intelligence
fundamentally requires explicit causal reasoning, and that many
of the core shortcomings of Al systems stem from the absence of
principled causal understanding and reasoning® [30, 37]. Thus, the
limitations of contemporary Al systems are not merely algorithmic,
but reflect a deeper conceptual gap: the lack of mature formal
and practical tools for systematically reasoning beyond statistical
association and embrace causality.

Accordingly, in my PhD project the overarching goal is to ex-
ploit causal learning and reasoning to improve how software agents
(learn to) behave and take decisions. Here, the notion of causality
is grounded in Pearl’s causal modeling framework [31], which pro-
vides a rigorous mathematical foundation for representing cause-effect
relationships. Central to this framework are Structural Causal Mod-
els (SCMs) [29], which enable reasoning beyond correlations through
explicit interventions, formalized by the do-operator [27]. This in-
terventional perspective is naturally situated within Pearl’s Ladder
of Causality [32], which organizes causal reasoning into a hierar-
chy of increasing expressive power—association, intervention, and
counterfactuals—thereby clarifying what it means to understand,
act, and generalize in complex decision-making environments.

Within Pearl’s causal hierarchy, under specific conditions [38],
the data-generation process satisfies interventional causal seman-
tics, rather than mere observational, since actions generated by
the policy correspond to interventions in the environment. As a
consequence, in these conditions, RL goes beyond purely statistical
learning toward causal reasoning—albeit typically without an ex-
plicit representation of causal structure. Accordingly, in my PhD
project (MA)RL will be the main technique considered, and com-
plemented by causal learning and reasoning, for the construction
of Al agents.

Causal Reinforcement Learning [4] arises from the need to endow
RL with causal semantics, aligning policy learning and evaluation
with reasoning about the underlying data-generating process, and
addressing challenges such as: (i) Generalization and Transferabil-
ity: RL policies are brittle under distribution shifts and unobserved
confounders because action/value functions encode correlations
rather than causal structure [10, 11, 45]; richer forms of experi-
ence are required to scale intelligence beyond current limits [42].
(ii) Efficiency: RL typically requires large amounts of interaction
data and prolonged exploration, especially in high-dimensional or
constrained environments, since most methods fail to exploit struc-
tural knowledge of the underlying agent-environment dynamics
[2, 14, 16]. (iii) Interpretability: RL agents increasingly rely on deep
neural networks, making their learnt policies difficult to explain
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or certify, while post-hoc explanations rarely expose the causal
mechanisms governing behavior [11, 22, 34].

Within this context, Causal RL can find the sweet spot between
model-free and model-based approaches to build autonomous sys-
tems/agents, as motivated also in [12]. Model-free methods learn
policies or value functions directly from data, offering scalability
and flexibility in high-dimensional settings, but often relying on im-
plicit representations that limit systematic reasoning and transfer.
In contrast, model-based approaches explicitly learn or assume a
model of the environment’s dynamics, enabling structured planning
and reasoning, albeit at the cost of stronger modeling assumptions
and reduced scalability in complex domains.

Motivated by this tension, my PhD project aims at systematically
investigating where the synergy between causal learning and rea-
soning and (MA)RL is most effective, especially within multi-agent
settings, where these challenges are exacerbated by the presence
of other agents as adaptive decision-makers whose actions shape
state transitions, rewards, and observations for everyone. The final
purpose of this research is to improve robustness, efficiency, and
interpretability of the decision-making process, enabling agents to
reason about cause-effect relationships rather than merely exploit-
ing statistical regularities.

2 PRELIMINARY RESULTS

My PhD studies aim to focus on multi-agent RL, for which studying
the single-agent setting is a necessary preparatory step to deal with
the additional challenges arising in MARL.

RL. In [7], I integrated explicit causal reasoning into single-
agent RL with the aim of improving the efficiency and safety of
action selection, especially during exploration. Causal knowledge
is encoded as a Bayesian Network (BN), implemented in pgmpy
[1], and learned from state—action-reward triplets. At decision
time, the agent, through the BN, conditions the current observation
and performs interventional queries on all candidate actions. The
resulting interventional reward posteriors are used to construct an
action mask that prunes low-value or risky actions and prioritizes
those with higher expected utility. RL is conducted online using
off-policy algorithms. In contrast, the causal model is learned either
online, from interactions collected in the same environment as
RL, or offline, from data generated in a simplified environment
distinct from the RL setting. Empirical results show a substantial
improvement in sample efficiency, enable safer exploration, and
favors more effective exploitation. Furthermore, transferring both
the learned policy and the offline causal model to a related but more
challenging environment demonstrates improved generalization.

In [9], I shifted from external causal action filtering [7] to em-
bedding causal reasoning within the policy itself. Considering the
modular structure of actor—critic framework [19], I replaced the
(neural) critic with my first attempt to build an efficient SCM-based
representation: a Vectorized Bayesian Network (VBN) of the reward
function. VBN can handle continuous data and parallel queries. Ex-
periments show more efficient and accurate value function learning
in the online setting and higher sample-efficiency.

MARL. Building on the foundation of [7], my second contribu-
tion extends causal action filtering to MARL [8]. In this work, I
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considered cooperative and semi-cooperative settings with contin-
uous state and reward spaces and discrete action spaces, and causal
reasoning is introduced through independent causal augmentation:
each agent learns its own causal model from local interaction data
and applies the same interventional action-filtering mechanism
used in the single-agent case [7]. Results show that independent
causal augmentation improves sample efficiency and safety in semi-
cooperative scenarios. In contrast, gains diminish in strongly coop-
erative tasks, where agents must explicitly reason about the causal
influence of other agents’ actions. This behavior is expected, as
independent augmentation ignores inter-agent causal dependencies
and influences. Crucially, these findings allow us to precisely iden-
tify the limitations of naive causal extensions in MARL and clarify
when and why richer, explicitly multi-agent causal representations
are required.

3 ON-GOING & FUTURE WORKS

Building on these contributions, open challenges emerge guiding
my ongoing and future research.

First, practical implementations of explicit SCMs, such as with
Causal Bayesian Networks [26, 28] still represent a computational
bottleneck. Existing implementations [1, 5, 6] are limited in scal-
ability, have trouble handling continuous data efficiently, and are
hardly parallelizable. To overcome these limitations, I am devel-
oping VBN —already validated in [9]—a scalable causal modeling
tool that enables efficient, parallel causal inference and seamless
integration with learning-based systems.

Second, the foundations of causal learning and reasoning in
MARL are not yet as clear as for single-agent RL. Recent work
started to address the issue [12, 24, 36, 37], however, my aim is to
expand the limited set of scenarios analyzed in [39]. Classical RL
is successful in restricted regimes where key causal assumptions
are implicitly satisfied [38]; outside these conditions—such as par-
tial observability, distribution shift, off-policy data, or multi-agent
interaction—standard (MA)RL methods often struggle. Especially
in MARL, the presence of multiple adaptive decision-makers intro-
duces additional challenges that cannot be captured by independent
learning alone [15], making MARL the most challenging, under-
explored, and compelling regime. Therefore, characterizing when
these implicit assumptions break down, and why purely associative
learning becomes insufficient, is a key aspect of this study. Relevant
works in this context, outside (MA)RL, are [17, 18].

The integration of causal learning and reasoning into (MA)RL
remains an open challenge, with several existing approaches pro-
viding important reference points [3, 20, 23, 25, 40, 46]. In my early
works, I studied causal reasoning as an external action-filtering
mechanism [7, 8], which, while effective, limits scalability. After-
wards, I worked towards integrating causality directly into learning
through the estimation of the causal value function [9]. Building
on this direction, I plan to extend these ideas to MARL, also at
the action selection level, to improve stability, generalization, and
robustness.
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