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Abstract. Causal reasoning is a necessary prerequisite of agency, that
is, the capability to act purposefully towards goals. Accordingly, causal
models became a fundamental research topic for Artificial Intelligence
(AI) agents and agentic Al systems, lately, as they provide for mathe-
matically sound approaches to support correctness, adaptability, robust-
ness, transparency, trustworthiness, and accountability of agents’ deci-
sion making. However, most of the research agenda is focussed on single-
agent systems, where the causal model either captures the agent inner
reasoning, or its interactions with the operational environment—while
assuming the single agent to be the only source of actions. Instead, the
role of causal reasoning and learning in Multi-Agent Systems (MAS), i.e.
to support both situated (agents-to-environment) and social interactions
(agents-to-agents), is still under-explored. In this paper, we motivate
that causal reasoning and learning in MAS is not a simple extension of
the single-agent case, shed light on the many reasons why causal mod-
els — and especially explicit structural causal models — are necessary in
MAS, propose a taxonomy to classify existing (and future) approaches
to learn and exploit causal models for reasoning in MAS, and propose a
MAS-centred research agenda in terms of open challenges.
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1 Introduction

In many scenarios, from robotics to IoT, the capability of developing agent sys-
tems capable of autonomously deciding how to act in the environment in a pur-
poseful way (e.g., to achieve specific goals) is becoming increasingly important.
Causal reasoning is a necessary prerequisite of agency, that is, the capability to
act purposefully towards goals [2,59]. This need is irrespective of whether agents
are manually programmed to adapt to changing environmental conditions (such
as for approaches rooted in software engineering and distributed Al, aka “good
old-fashioned AI”) or autonomously learn how to act (e.g. with reinforcement
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learning). It is likewise present in both special-purpose agents and generalist
ones, as those recently built on top of LLMs [5]. In all these cases equally, to act
purposefully, agents need to know, or learn, causal models of their effects on the
environment and other agents as well, with respect to their goal [15,53].

Accordingly, causal models became lately a fundamental research topic for
Al agents and agentic Al systems, as they provide for mathematically sound
approaches to support correctness, adaptability, robustness, transparency, and
accountability of agents’ decision making [56,39,33]. This is particularly evident
when agents are built through learning, such as with Reinforcement Learning
(RL) — so much that causal RL is now an established field of research [3] —, but
is also surfacing in “good old-fashioned AI” (GOFAI) [15].

However, most of the research agenda is focussed on single-agent systems,
where the causal model either captures the agent inner reasoning, or its inter-
actions with the operational environment while assuming the single agent to
be the only source of actions. Instead, the role of causal learning and reason-
ing in Multi-Agent Systems (MAS), i.e. to support both situated (agents-to-
environment) and social interactions (agents-to-agents), is still under-explored,
and literature about “causal MAS” still in its infancy [10,39,20]. There, having
access specifically to explicit, structural causal models of how the environment
responds to actions, and how other agents are influenced by actions [19], is par-
ticularly relevant. In fact, only then the agents sharing an operating environment
would be able to truly achieve a correct, shared understanding of what’s going
on (as in distributed perception), and may hope to coordinate effectively to-
wards the achievement of a shared or individual goal (for distributed decision
making) [37]. Even in the case of non-cooperative interactions, an explicit causal
model would help agents to track down opponents’ influence on their own per-
ceptions and plans [22]. Furthermore, implicit representations are more suited
to System 1 type of thinking, that is mostly devoted to fast and efficient, albeit
inaccurate, intuition, whereas explicit causal reasoning is usually attributed to
System 2 type of thinking, that is a slower, effortful, more accurate process [(].
Also, when agents need to communicate or more broadly interact, having shared,
explicit representations facilitates the task [51].

In this paper, after recalling the basic notions underpinning causal learning
and reasoning in Al, and overviewing the state of the art through selected pa-
pers showcasing complementary approaches (Section 2), we motivate why causal
modelling — and especially explicit structural causal models — is necessary in
MAS (Section 3.1), shed light on the many goals it enables to achieve in MAS
(Section 3.2), propose a taxonomy to classify existing and future approaches to
exploit causal models for reasoning in MAS (Section 4), and propose a MAS-
centred research agenda in terms of open challenges (Section 5).

2 Causal Models and Software Agents

A Causal Model (CM) is a formalisation of cause-effect relationships between
variables in a domain. It aims to capture and quantify how changes in one vari-
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Fig. 1. Ladder of causation: associative thinking (in blue) only requires observation of
phenomena; interventional thinking (in green) requires the opportunity to control (act
on) variables; counterfactual thinking (in purple) requires imagination (i.e. planning in
unobserved scenarios).

able influence other variables, with the goal of enabling qualitative and quanti-
tative causal reasoning over such relationships (Figure 1). Hence, a causal model
can be easily understood as a Structured World Model [53]. A Structural Causal
Model (SCM) is a specific type of CM that combines a Directed Acyclic Graph
(DAG) with Structural Equations (SEs) [18]. In the DAG of an SCM, nodes cor-
respond to system variables, while directed edges qualitatively indicate that the
source of the edge is a cause for the sink of the edge (which becomes its effect).
SEs, instead, quantify how each variable value is functionally determined by its
“parent” variables’ values. An alternative mathematical framework for causality
is the potential outcomes (PO) framework [18]. SCMs already are a staple in the
field of RL [66,56], mostly due to their operational representation of cause-effect
relationships centred around the notion of intervention [19], i.e. a deliberate ma-
nipulation of variables that naturally maps to the agency of autonomous agents
while acting in an environment. The PO framework, instead, provides an obser-
vational view meant to measure how the change in one observed variable’s value
affects the distribution of others’. In this paper, we stick to the SCM framework
as the vast majority of the literature in Al

SCMs fully support the three rungs of the ladder of causation [19]:

1. association, answering questions like “Is observing X more likely to make
Y appear?”, typical of purely statistical machine learning (that, however, is
limited to this);
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2. intervention, adding questions of the kind “If we do set X to z, regard-
less of its observed distribution, what happens to Y77, that is acting in an
environment to achieve the desired goal;

3. counterfactuals, the highest rung, asking “Had X been z’ instead of the x
we observed, how would have Y changed?”, that is akin to imagination, as
it considers alternative observations that may have never occurred.

The notion of intervention is naturally aligned with the RL paradigm. In RL, an
agent interacts with the environment by selecting actions that actively modify
the state of the system. In this sense, actions can be interpreted as interventions
on the environment, allowing the agent to learn through active experimentation
rather than mere observation. This form of learning is therefore more informative
than purely associational learning based on passive observation.

SCMs can be manually designed by programmers and domain experts. How-
ever, they can also be learnt from data (completely, or partially). Identifiability
conditions have been formulated [63], that define under which circumstances
cause-effect relationships can be discovered (qualitatively [21]) and measured
(quantitatively [64]). In addition, manual design and autonomous learning can
be seamlessly combined. In fact, research on causal discovery and inference makes
available learning algorithms for many complementary use cases. One may ig-
nore both the DAG and its SEs, and thus aim at learning the whole SCM from
scratch, by sequencing causal discovery for learning the DAG, and causal infer-
ence for learning the SEs. Or, one may know the DAG, and be interested in
learning only the SEs from data. Finally, a SCM may also be partially specified
and then expanded (new nodes and causal links added) by learning.

Causal models are implicit in many Al agent models, programming paradigms,
and learning techniques. For instance, the deep neural networks used in RL es-
sentially map observations to actions by recognising the causal effects of actions

on the environment [55,9]. Similar considerations may apply to the latent se-
mantic embeddings learnt by an LLM—although whether LLMs can perform
causal reasoning is still under debate [28,16]. Even a GOFAI agent designed

around the BDI model [7] can be said to embed a causal model (not learnt, but
programmed), relating beliefs to plans and goals to plans as cause-effect relation-
ships. Also, literature about “causal agency” in single-agent settings is abundant,
and becoming established especially in fields such as RL—where causal RL re-
search is extremely active and prolific [3,4,67,31].

However, the idea of having an ezplicit causal model available for agent
exploitation, and/or inspection and manipulation, is only recently gaining in-
creasing attention in the context of MAS. Although early attempts to merge
causal models and MAS date back to 2005 [38,34], when researchers proposed
techniques to learn the global causal model of an environment shared amongst
cooperating agents in a distributed way, most of the literature about causal
models creation and exploitation in MAS started appearing in 2021.

In that year, Grimbly [20] summarised the state of the art in causal RL
and motivated the need to adopt causal modelling in multi-agent RL, too, also
proposing research directions. However, not many approaches were available to
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that date, and his focus was only on agents built with RL techniques, thus did
not cover traditionally programmed software agents nor the more recent wave of
LLM-based ones. Then, Mariani et al. [35,30] improved on the mentioned works
of 2005, by proposing protocols to let agents in a MAS cooperatively discover
minimal causal models of their environment to be then used for planning joint
actions, where minimal means “sufficient for each agent to act on its own partial
observability area”. Hammond at al. [22] instead studied rational outcomes of
a coalition of agents by translating a causal model to a multi-agent influence
diagram through a game-theoretic approach. Parunak [415] took quite a pecu-
liar perspective by turning a MAS into a graphical causal model, where agents
function as the update mechanism of the causal models, enhancing the represen-
tation and handling of causal influences. Kerkhove at al. [27] proposed Causal
Concurrent Game Structures to focus on modelling the concept of responsibil-
ity in realising a certain collective outcome by a group of agents in a MAS.
Meyer-Vitali [39] instead focused on multi-agent RL (MARL) by exploiting the
synergy between interventions and counterfactuals in causal models with agents’
actions and rewards in reinforcement learning. This approach can be used for
collaborative planning, based on a shared causal understanding.

Causal MARL is indeed the most active research field trying to combine
causal learning and reasoning with a multi-agent setting. However, the causal
models used therein are not always explicit, but are learnt implicitly in a deep
neural network architecture [29,50,17,61,20,34,24]. But RL is not the only tech-
nique available to build AT autonomous agents, and optimisation of a behavioural
policy not the only aspect to consider in a MAS. Figure 2 summarises the litera-
ture considered in this paper by assigning a “coverage score” to different settings
(single vs. multi-agent, implicit vs. explicit, RL vs. genAl vs. not learning-based
approaches, aka AOSE). To build it, we normalised the number of papers adopt-
ing each setting between 0 (no examples in the literature) and 3 (the most exam-
ples in the literature, for that setting). In this way, we emphasise the currently
under-explored settings.

RL
implicit
multi-agent
'single-agent
O\ AL 3 glead
explicit
genAl
AOSE

Fig. 2. Literature coverage of causal reasoning in agents and MAS according to different
“settings” (AOSE stands for Agent-Oriented Software Engineering, and denotes non-
learning approaches to build AI agents).
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Hence, in the following we motivate why causal learning and reasoning in MAS
deserves further attention, and propose a taxonomy to organise the existing
literature and the contributions yet to come.

3 Causal Models in Multi-Agent Systems

In this section we argue why causal learning and reasoning, specifically with
explicit structural causal models (SCM), is particularly relevant in MAS, and
what goals one could achieve with it.

3.1 Why

We articulate the argument for adopting explicit SCM in MAS along 4 main
motivations: partial interventions, interaction entanglement, goal-alignment, and
human-compatible AI (Figure 3).

Partial interventions. A first reason that makes explicit SCM necessary
in MAS, and that calls for a dedicated conceptualisation, is that an individual
agent’s actions no longer constitute a “complete” intervention (as defined by
Pearl [19]) on the environment, but only a partial intervention whose effects
also depend on the actions (or lack thereof) of other agents. As a consequence,
agents need to have a (at least, partially) shared understanding about cause-
effect relations at play to cooperate in designing interventions for distributed

goals aligned Q -
v IR

1 =
isaligned h
N compabie

representation

\

Fig. 3. Main motivations to adopt causal modeling in MAS: partial interventions (in
purple) make coordination necessary, as multiple agents can control the same variables
or conflicting ones. The same is true for interaction entanglement (in blue and in red)
and goal alignment: for the former, agents may lack complete information to make
sense of environment dynamics; for the latter, they may try to achieve conflicting
goals. Explicit SCM also offer greater human compatibility compared to implicit ones.
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decision making (such as for joint planning). In this sense, causal reasoning in
MAS is not hypothetically beneficial, but structurally necessary. The same is
true for distributed perception: when agents are not the only cause of change in
an environment, to make sense of the situation, they need to (at least, partially)
cooperate to co-build or exchange a shared causal model capturing which agent
can be the cause of which effect.

Interaction entanglement. The word “partially” brings us to the second
reason why explicit causal modelling is necessary in MAS: due to partial observ-
ability. Agents in MAS are typically limited in their perception and influence
sphere due to geographical, network, administrative, or logical distribution—
otherwise, one could argue that a MAS is not needed in the first place. Hence,
agents can only build local, individual causal models of the portion of the shared
environment under their observation range and control, and of the agents in
their “social neighbourhood”. However, due to partial interventions as described
above, agents need to share or exchange their partial models to effectively act
and make sense of the situation. To exchange models, such models need to be
explicitly represented and to have a common semantic grounding. Thus, in a
MAS causal modelling is complicated by the fact that (i) information relevant
to the causal state is fragmented across agents and /or (ii) other agents constitute
endogenous, strategic response mechanisms—already recognised in [62], Chapter
10.1. We capture both effects through a unified notion: interaction entanglement.
Let us fix an agent i: the interaction is said to be entangled for agent i if the
causal effect of its actions cannot be characterised without explicitly modelling
either (i) hidden or private information (informational entanglement), or (ii) the
response mechanisms of other agents (strategic entanglement).

Goal-alignment. Another reason that makes explicit SCM compelling in
MAS concerns the fact that, when agents share an operating environment, the
decisions of each of them depend on goal alignment. That is, on whether agents’
goals are the same, different but compatible, mutually exclusive, and so on. In
other words, depending on whether the MAS is fully cooperative (fully aligned
goals), opportunistic (partially aligned), competitive (partially misaligned), ad-
versarial (fully misaligned), or mixed, only an agent capable of modelling its
interactions with others causally would be able to adapt to different alignment
settings in a robust way. In fact, the notion of robustness in MAS — compared
to a single-agent setting — naturally shifts from being mostly about uncertainty
over the situated aspect (e.g. noise in perception of environmental properties and
actions execution), to uncertainty over the social aspect (i.e. strategic responses
of other agents)—similarly to what is done in [I] for a single agent setting. In
this context, an agent equipped with an explicit SCM modelling dependencies
with peers and/or opponent, in terms of how agents are affected by each other
decisions, would enable the agent to seamlessly adapt to different goal alignment
settings and changes thereof.

Human-compatible AI. Al systems that are compatible with human val-
ues and needs [54] consider aspects broadly related to interpretability, account-
ability, reliability, and more. Causal models support the necessary understand-
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ing of cause-effect relationships to make transparent and robust decisions. In a
distributed setting, the causal models that are shared between agents improve
their coordination and collaboration due to common world view and context.
As a consequence, the trustworthiness of such systems is considerably increased.
Many modern approaches to the design of autonomous Al agents and MASs fea-
ture learning techniques (e.g. RL, and the new breed of “agentic AI” systems) to
successfully automate at least part of the complex design space. However, this
creates concerns about AAs’ accountability, transparency, interpretability, and
trustworthiness [54]. In this regard, SCMs can greatly help, especially given that
causal reasoning is common practice amongst human beings, and hence easily
understandable. On the technical side, the fact that SCMs have a graphically
appealing representation in their DAG strengthens this benefit.

3.2 Functional and Non-functional Goals

Similarly to the previous section, here we discuss the main functional and non-
functional goals that causal reasoning and learning in MAS enable to achieve.

Coordination. From the arguments articulated in the previous section nat-
urally arises the first functional achievement of SCM in MAS: coordination.
The partial nature of interventions, the reciprocal dependencies amongst agents
captured by the notion of interaction entanglement, and the presence (or not)
of alignment between agents’ goals make some form of coordination necessary
[35,50]. Which form depends on a number of factors, such as whether explicit
communication (e.g. message passing over a network) is possible or not (observation-
based [14]), which communication means are available (e.g. visual, network, stig-
mergic, etc.), how agents can affect their environment, and crucially on goal
alignment. In fact, depending on the cooperative or competitive (or mixed) set-
ting, agents may want to share their causal models, or not. In competitive (es-
pecially, adversarial) settings, for instance, agents may even have incentives to
share “fake” causal models, to trick others into sub-optimal behaviours. It is
worth noting that with the term “coordination” we broadly mean any endeav-
our that involves joint activities, conflicts resolution, information exchange, so
that traditional AT agents tasks such as joint planning, distributed perception,
negotiation, etc. are considered.

Distributed perception. Of course, to properly coordinate and in general
to bring about their tasks, agents need to make sense of the situations they ex-
perience, and of the dynamics that govern their operating environment. Here,
besides causal modeling such dynamics at design-time, with expert knowledge, a
great opportunity is given by causal discovery and inference algorithms [21,64].
Such algorithms enable to learn, from observational data and, possibly, inter-
ventions, both the structure of a SCM (that is, the cause-effect links among
variables) and its structural equations (i.e. the precise functions that govern
how variables change in response to others). For instance, this means that an
AT agent may be able to autonomously and from scratch learn how to control
devices in a smart home by experimenting with actuators to observe changes in
sensor readings [36]. This enables such agent to effectively plan actions towards
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achievement of goals (e.g. keep the temperature at a comfort level while min-
imising energy expenditure). Besides environment dynamics, causal discovery
and inference may be used to learn agents’ reciprocal influences on each other.
In fact, early proposals to model game theoretic formalisms under a causal per-
spective started to emerge [ ,19,27, ]

Robustness. Pear]l himself argued that “The main role of causal models is
to facilitate the evaluation of the effect of novel actions and policies that were
unanticipated during the construction of the model” (see [417], Ch. 4). This has a
natural interpretation in terms of robustness of behaviour, intended as the abil-
ity to adapt own behaviour to novel situations or to maintain correct behaviour
despite disturbances. In RL especially, but not limited to that, robustness is of-
ten characterised in a similar way to generalisation and transferability of learnt
policies, that is, the capability of maintaining correct behaviour outside of the
training distribution, and to apply learnt behaviour to unseen tasks or in unseen
environments [11,10]. More generally, for an agent to be robust means under-
standing the underlying dynamics of the operating environment, and the effect
of own and other actions on the goal to be achieved: once these mechanisms
are captured, the agent can behave correctly beyond the situations it was pro-
grammed to deal with, or learnt from.

XATI & interpretability. Causal models are considered indispensable for
truly explainable Al systems because they can explain why effects occur, rather
than providing only statistical probabilities and correlations [13]. Hence, ac-
countability and trust are greatly increased. Without a causal basis, explana-
tions can only provide analogies for potential relationships between the input
and output of black boxes. Such “explanations” can be somewhat helpful but do
not actually explain the reasons for the decision-making of an Al system; they
merely approximate observed behaviour without revealing underlying mecha-
nisms. It may be useful to generate hypotheses for causal relationships using
traditional XAI methods and then to verify them using causal discovery. How-
ever, ideally, causal discovery should be performed in the first place to generate
the explanations based on the discovered causal relationships. In either case, XAl
for black boxes is insufficient without the actual causal understanding of the rea-
soning inside such systems. When causal relationships are revealed, transparency
and accountability can emerge from explaining why effects have been found and
who is responsible and accountable. In multi-agent systems (MAS), the contri-
butions of individual agents to joint decisions and actions need to be traced
for accountability, both in positive and negative attributions of responsibility
and contribution to outcomes. Therefore, it is necessary to provide transparency
about the individual decisions and the interactions among the agents. A com-
plete trace of contributions provides the means for trustworthy governance in a
MAS.
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4 Taxonomy: what, when, and how

Given the above motivations to nurture research in causal learning and reasoning
in MAS, and the focus on explicit, multi-agent causal models, we propose now a
3d forward-looking taxonomy to categorise research efforts in the field, aimed at
providing both a reference conceptual framework for future research efforts and
a research agenda to stimulate work on open challenges.

4.1 Dimensions of the Taxonomy

Here follow the dimensions of analysis that we propose.

What. What to model causally. In principle, one (human designer or soft-
ware agent) could focus on the agent inner reasoning loop, on the environment
endogenous dynamics, on the agent-environment interactions (situated), and/or
on the agent-agent interactions (social). In our categorisation that follows this
taxonomy, we focus on the latter 2 as the former 2 are not peculiar of MAS. In
practice, this dimension considers the actual variables that would be part of the
agent causal model: e.g. which sensors, actuators, other agents, are under the
sphere of observation and influence of the agent. Deciding what to model (or
learn) entails issues about:

— partial vs. full observability
— which variables to consider endogenous (part of the modelled distributions)
vs. exogenous (part of unobserved “noise”)

When. When to do the modeling. The choice here is basically about whether
to perform causal modelling at design-time (that is, before actual deployment)
of the agent, or at run-time (that is, during operation). It is worth pointing
out two considerations. First, the boundary between these two stages may be
blurred. In RL, for instance, the design-time is usually the stage in which the Al
agent is trained in a simulated environment; there, the agent may learn a causal
model, apparently, from its own perspective, at run-time while operating in the
environment (“online” RL). Debating whether this has to be considered design-
time or run-time is out of the scope of this taxonomy, as it depends on what the
agent designer considers to be the agent deployment. Second, while it is natural
to intuitively associate run-time modelling with learning, and design-time mod-
elling with programming approaches (GOFAI) to build AI agents, this is not
necessarily the case. In fact, that is our third dimension of analysis (see next
bullet point): design-time modelling does not necessarily imply expert knowledge
(could use supervised learning on past data to bootstrap a model), and run-time
modelling does not necessarily imply learning (see autonomic and self-organising
computing paradigms [52]). Deciding when to model or learn causal relationships
entail issues about:

— cold-start problem in the run-time case
— continual learning complexities
— adaptability of design-time solutions to run-time contingencies
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How. How to build the causal model. The choice here is between exploiting
expert, a-priori knowledge (of a human domain expert for instance) or learning
it with experience (through causal discovery and inference methods). Again,
this is orthogonal to the when dimension, although when expert knowledge is
available it is likely that the causal model is built at design-time, whereas when
the model is learnt it is likely to happen at run-time so as to exploit actual
interventions on system variables. However, this is not necessarily and always
the case, as already discussed. Another consideration has to be made about the
fact that also here the boundary between the two extremes can be blurred. As
we said, causal discovery and inference algorithms need not necessarily to work
from scratch (see Section 2). This dimension entails issues about:

— what to consider prior knowledge necessary to perform learning, and the
acquired knowledge that can be gathered from experience

— how to integrate symbolic approaches, typical of designs based on expert
knowledge (e.g. programming the AI agent), with the sub-symbolic knowl-
edge implicitly represented by deep learning methods within neural networks

This way we have a 3d taxonomy simple enough to allow for an exhaustive
analysis of every combination, yet expressive enough to allow for the classification
of existing approaches (and, possibly, those yet to appear).

4.2 Categorisation of the Literature

Accordingly, as a conceptual validation of the taxonomy, and to highlight areas
still under-explored, Tables 1 and 2 classify selected papers amongst those we
mentioned throughout the paper. For instance, we filter out many papers about
causal MARL not because they are not relevant, but because they would simply
belong to the same category: our focus here is on shedding light on the different
“angles” from which causal MAS can be studied, not providing an exhaustive
review. Table 1 restricts analysis to explicit SCM approaches in MAS, whereas
Table 2 relaxes this focus.

Causal modelling of the agent-environment interactions at run-time by us-
ing learning approaches (hence causal discovery and/or inference) is the most
widely studied setting [38,34,35,36,11]. If we relax the focus on MAS, also paper
[53] can be placed in this category, as it proposes to learn the (single) agent-
environment dynamics via causal discovery to adapt to distributional shifts after
an RL training stage.

On the other end of the spectrum, causal modelling of the agent-agent inter-
actions at run-time with expert knowledge is the only category completely miss-
ing from the literature. Following closely, is the category where agent-environment
interactions are modelled at design-time, either with expert knowledge or through
learning. Altogether, only 3 papers belong to the category, neither of which
strictly respects the focus on explicit SCM and application within MAS. In
fact, in [19] a single-agent setting is considered (although multi-agent extensions
should be possible) and a causal structure is specified by a domain expert at
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design-time to evaluate safety and fairness incentives in the AI agent design. In
[29] a generic complex system is considered, and a learnt causal structure is used
at design-time to understand how it works. Finally, in [50], not SCM but Granger
causality is used to capture how individual rewards relates to team rewards.

All others categories are more or less equally represented by only a handful
of papers, most of which relax either the MAS or SCM focus. Here we explicitly
describe only those that preserve (more or less) such focus.

The only paper modeling agent-environment interactions at run-time with a
mix of prior and learned knowledge is [15], where an expertly-crafted ontology
is integrated with (causal) Bayesian belief revision to refine a starting causal
model with experience.

Two papers focus on agent-agent interactions to study them from a causal
standpoint at design-time via SCM (or variations thereof) created with expert
knowledge. In [22] structural causal games are introduced to model strategic
agent-agent dynamics by adapting SCM. The modeler specifies the causal graph
that is used at design-time as an analytical tool to study Nash equilibria. In [27]
a methodology to generate a system model from an existing SCM is proposed
by SCMs into Concurrent Game Structures. The goal is to analyze the concept
of strategic responsibility. Only in [61] expert knowledge is replaced entirely
with causal discovery that seeks to recover the unknown causal structure and
underlying reward functions from data, using a Dynamic Bayesian Network to
analyze how individual agent rewards causally contribute to team rewards.

Finally, in [17] agent-agent interactions are focussed and learnt at run-time.
There, intervention sampling and conditional mutual information estimation are
used to detect active causal edges, so that influence amongst agents can be learnt
and exploited to steer the collective towards cooperation.

Paper What When How

Agent-Env  Run-time  Prior + Learned

[1]

[38]  Agent-Env  Run-time Learned via discovery
[31  Agent-Env Run-time Learned via discovery
[35]  Agent-Env  Run-time Learned via discovery
[36]  Agent-Env Run-time Learned via discovery
[11]  Agent-Env Run-time Learned via discovery
[22]
[27]
[61]
[

Agent-Agent Design-time Given as prior
Agent-Agent Design-time Given as prior

Agent-Agent Design-time Learned via discovery

] Agent-Agent Run-time  Learned via discovery

Table 1. Papers utilizing explicit Structural Causal Models (SCMs) in MAS.
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Paper What ‘When How Relaxation

Agent-Env Design-time Given as prior MAS (Single agent)

System-Env ~ Design-time Learned via discovery MAS (General system)
Agent-Reward Design-time Learned via discovery SCM (Granger Causal)

[19]
[29]
[°0]
[15]  Agent-Env Run-time  Given as prior SCM (Generic GCM)
[32]  Agent-Env Run-time  Prior + Learned SCM and MAS
[53]
[20]
23]

Agent-Env Run-time Learned via discovery MAS (Single agent)

Agent-Agent Design-time Given as prior SCM (Action Theory)

Agent-Agent Run-time Learned via inference SCM (Causal metrics)
Table 2. Papers where the SCM or MAS constraints are relaxed.

5 Challenges

The taxonomy proposed in the previous section, and in particular the coverage of
existing literature of the categories defined by such a taxonomy, highlights areas
of research where causal learning and reasoning in MAS are more explored (e.g.
causal MARL), and others where the expected benefits discussed in Section
3 have not been fully investigated, yet. The motivations behind this may be
accidental, but likely also stem from open challenges in the field. In this section,
we provide clues about research directions worth pursuing to deal with these
challenges and assess the extent to which causal learning and reasoning could
bring benefits to MAS.

Integration with Legacy. SCMs have not being conceived as tools to de-
sign MAS in the first place. The first open issue is then about integrating with
the legacy, intended as the models, methods, and tools already existing to de-
sign and develop MAS. For instance, AOSE methodologies [8,65,43,16], agent
architectures [12], Agent-Oriented Programming (AOP) languages [57], Rein-
forcement Learning (RL) frameworks [60], and generative Al agents [32]. All of
this tooling can be revised and adapted to support a “causality first” approach.
For instance, methodologies could include the design of the required SCMs right
in the analysis stage, AOP languages can be expanded with statements to build
and manipulate SCMs, or some constructs be automatically mapped to SCMs
equivalents.

Scaling. Currently, most of the research in causal MAS revolves around fairly
limited models, with tenths of variables and causal connections at most. Espe-
cially when SCMs are learnt (fully or partially), the sheer size of the problem
domain, in terms of the number of variables and their potential causal connec-
tions, as well as the number of agents involved in causal modelling, can make
causal learning and reasoning computationally heavy [58,11]. Investigating ways
to learn and exploit causal models in a distributed and decentralised way should
be a topmost concern of causal MAS research [38,35].
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Non-stationarity. The very fact that agents in a MAS have the ability of
affect their shared operational environment makes non-stationary dynamics un-
avoidable [44]. This means that the SCM of an AI agent, modelling a specific
situated or social aspect, is likely to need some periodic revision, to be contin-
uously adapted to the ever-evolving context of operation. Conceiving efficient
methods to carry out such periodic revisions is currently an open issue.

Open Systems. In a closed MAS where every agent is known since the
beginning, manual design of SCMs or their learning is facilitated by such prior
knowledge (although not necessarily easy). In open systems the difficulty of
causal modelling is exacerbated, as any agent joining or leaving the system may
impact any other, in principle. Broadly understanding the impact of having
multiple agents join and leave a shared environment, possibly each with its own
partial view over the global causal model of the system (often, unfeasible to
centrally represent), is another relevant open issue.

Causal discovery policy. The fact that agents in a MAS can only partially
intervene on system variables, generally speaking, raises the issue of coordina-
tion, as already discussed in Section 3.1. A consequence of this is that agents
willing to cooperate to understand the causal model of the shared environment
or of their social influence sphere must coordinate to carry out meaningful sets
of interventions. This not only calls for coordination approaches to be integrated
within causal discovery algorithms [36], but also for experimental design princi-
ples to plan highly informative interventions (i.e. actions) yielding relevant causal
information, as proposed by [30]. In those cases where AT agents are built via RL,
deciding whether to use the same RL policy under training to guide causal dis-
covery, or another one, may be a though choice worth formal and experimental
analysis.

Causal model assessment. Ideally, the causal models either designed for
or learnt by agents in a MAS should be evaluated for correctness before being
actually used during agents operations. However, validation of a learnt causal
model is far from trivial, especially considering that ground truth may be un-
available (otherwise the agent would have been probably equipped with it since
the beginning) [25]. The issue, while already critical by itself, is exacerbated in
MAS, where agents may have different causal models even when they share the
same environment and the same peers: different agents may model the same
dynamics or task in different ways, depending on their goals. Thus, simply com-
paring models to find differences and similarities across agents, or seeking for a
“majority voting” style consensus may be not enough. Investigating these forms
of consensus, or ways for agent to collectively build a shared causal model and
than find agreement on that, is an exciting path ahead.

Formal account. Besides experimental results, having a formal account
about all aspects of causal learning and reasoning in MAS is necessary to es-
tablish clear boundaries around what can be expected and achieved, and shat
not. For learning approaches, for instance, the work in [12], albeit considering a
single-agent case, is an interesting first step: authors prove that, given assump-
tions on the “common dynamics” underlying a family of environments, perfect
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generalisation up to any desired error bound can be achieved via causal model-
based RL. Another interesting step would be to formally define the notion of
“minimal causal model” adopted in [35], informally described as the minimal
causal model that captures all the variables directly controlled and observed by
an agent, plus all the variables causally related to them (acquired via commu-
nication). Finally, having a rigorous definition of what are the causal dynamics
“relevant” for any given scenario-task pair, especially when causal models are
learnt, would be another step into a proper mathematical characterisation of
causality in MAS.

Trust in agent behaviour. The shared understanding of causal models
among groups of agents enables trust to emerge because they can explain the
reasons for taking actions. Such transparency leads agents, as well as humans
who interact with them, to experience truthful behaviour, which, in turn, results
in more reliable systems and allows for improved governance. However, it is not
evident how to guarantee truthfulness if individual agents might simply claim
to adhere to a shared causal model, without actually complying with it in their
reasoning. Conflicting goals may still lead to unfair behaviour.

6 Conclusions

In this paper, we argued that explicit, structural causal models are necessary
for the advancement of multi-agent systems, particularly where agents must
coordinate despite the availability of partial interventions and the lack of full
observability. While causal learning and reasoning is maturing in single-agent AI,
especially in reinforcement learning, its application to MAS requires a transition
from implicit to explicit representations to support distributed perception and
decision-making.

The proposed 3D taxonomy provides a simple yet effective framework for clas-
sifying research based on the target of modeling (the what), the timing of the
modeling process (the when), and the methodology used (the how). This analysis
identifies significant research gaps, specifically in run-time agent-agent interac-
tion modeling and the integration of expert knowledge with autonomous causal
discovery. Advancing this agenda is a prerequisite also for achieving human-
compatible AT in MAS. Explicit SCMs enhance transparency and accountability
by providing interpretable accounts of agent behavior, which are essential for
establishing trust.

Ultimately, adopting a “causality-first” approach will lead to more robust,
adaptable, and trustworthy multi-agent systems.
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