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One of the main goals of our recent article [1] was to highlight mutual points of interest between fields that conduct seemingly 
different investigations on causal learning and reasoning, and to suggest relevant directions for future research. To achieve this goal, 
we offered a unifying computational perspective on animal causal cognition by elaborating upon the three dimensions of this faculty, 
i.e., (1) explicitness, (2) sources, and (3) integration, proposed by [2]. A key move in our treatment was to identify explicitness with 
the machine learning notion of disentanglement, i.e., the factorisation of a representation, and view it as the central building block 
of our account, next to which the other two dimensions would naturally fit.

With a different emphasis, both commentaries suggest that several of the approaches and theoretical tools described in the target 
paper seem to not take embodied and ecological perspectives on cognition enough into consideration. Here we want to clarify our 
position and stress some of the opportunities afforded by our proposal, as one of the first of its kind, with respect to some of the 
points raised by the commentaries.

More specifically, one of the commentaries (Goddu) observes that, in causal machine learning, perception tends to be modelled 
purely as information processing of observations viewed as raw perceptual data. This approach, Goddu suggests, seemingly ignores 
that (1) perceptual learning is always intimately linked to what is valuable for a certain agent (value-laden perception), (2) perception 
and action co-organise and co-transform in relation to what serves the needs of the agents (integration of perception and action), 
and (3) perception is more about disclosing a world of affordances than reconstructing a veridical picture of reality characterised by 
objective, agent-independent, properties.

These have long been recognised as indispensable for a proper study of natural cognition, and form the bedrock of many lines 
of research in contemporary cognitive science [3,4]. It is also true that causal machine learning has sometimes ignored those points 
by developing techniques with a different aim, related to the discovery of causal relationships in various scientific domains (e.g., 
healthcare) and therefore many of those techniques and their properties might not directly speak to methods more in line with 
ecological perception and action in agents interacting with an environment.
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To address precisely these concerns, the second half of the target article underlines the relevance of reinforcement learning as 
a mathematical and computational framework that is focussed on modelling agents that learn from experience, i.e., by interacting 
with an environment [5]. More concretely, contemporary deep reinforcement learning methods with learned value functions, such 
as actor-critic algorithms, already model a sense in which perception is value-laden (1). This is because the critic is a deep neural 
network that converts observations into value predictions for the agent [6–9]. Furthermore, since value predictions are used to train 
the actor (or policy) network, whose actions in turn determine the trajectory of observations on which the critic is trained, a certain 
kind of action-perception integration is arguably the starting point of several approaches in deep reinforcement learning (2). Even 
more so if we consider critics that make q-value predictions, i.e., predictions of state-action pairs’ values, whose training depends even 
more closely on the actor network. One common critique of this framing involves the fact that, in general, the approach sketched so 
far presupposes the existence of a reward function, from which the value functions themselves can be learned. To tackle this, several 
proposals have introduced some form of intrinsic motivation that can help agents to explore and solve tasks in complex environment 
with sparse or, even, no reward, see for instance [10–14]. Similarly, different proposals have adapted parts of a theory of affordances 
to reinforcement learning (3), showing how more technical formulations of ‘affordance’ can be beneficial for planning and learning 
in reinforcement learning, e.g., in robotics applications [15–17].

The second commentary (Finke & Raja) objects, on the other hand, that disentangled representations might not even be necessary 
for explaining certain causal abilities. This is because, according to the authors and again stressing key aspects of the embodied and 
enactive traditions, natural agents are more inclined to adopt solutions that reduce their cognitive load. For instance, one point made 
in the commentary is that forms of associative learning aiming to track causal relationships (see, e.g., [18]) could be a sufficient 
cognitive strategy for resource-bound adaptive agents most of the time, freeing them from the costs of building explicit causal models 
when there is a need to act promptly.

This objection, however, neglects the fact that biological constraints, such as minimising some form of activity energy, have 
been linked to the emergence of disentangled representations [19]. Furthermore, we note that studies in deep reinforcement learning 
agents also provide evidence that some proxies for disentanglement, such as orthogonality and sparsity, together with other properties 
like complexity reduction, facilitate transfer learning [20]. This kind of empirical work suggests that disentanglement promotes an 
efficient use of learning resources by producing “good” representations, i.e. representations that can be reused in other contexts. In 
other words, in contrast to Finke & Raja’s point that causal models are costly (e.g., from a metabolic point of view), evidence suggests 
that disentanglement is a consequence of agents having limited resources, providing an advantage by enabling an efficient reuse of 
their cognitive abilities.

Furthermore, theoretical studies have shown that agents robust to distributional shifts, i.e., capable of adapting to changes in 
the data-generation process (cf ., strong generalisation, see [21]), must have learned an approximate causal model of the environ-
ment [22,23]. This is evidence that, while in some sense more costly and difficult to achieve compared to its weak counterpart, 
strong disentanglement (see [1, 360]) is required for the kind of causal learning and reasoning that enables an agent, especially in 
ecological situations, to continually adapt to environmental perturbations. In other words, while these studies focus only on simpli-
fied agent-environment setups, they suggest that causal models are important for generalisation even in more complex, ecological 
settings, and that disentanglement has a crucial role to play in an account of causal learning and decision-making (see also [24–26]).

Overall, these considerations only highlight one instance of the separation between conceptual accounts of causal cognition and the 
mechanistic and empirical accounts that our work aims to bring closer together. This separation is due partly to an underspecification 
of how such conceptual understandings can be operationalised, and partly to a focus on accounts of simple associative learning rules 
that have so far largely failed to explain any form of robust generalisation across contexts and higher order reasoning. For this reason, 
our aim is to provide a clear mathematical formulation, together with precise computational tools, to ground questions about the 
forms of causal cognition exhibited by several living organisms. Our belief is that this approach could also benefit embodied and 
enactive accounts of cognition, by formally characterising what (causal) models can be attributed to agents [27–30], and by allowing 
us to explore a computational space of causal learning strategies of different complexity, and empirically access what circumstances 
require an agent to prefer simpler ones over more complex ones, or vice versa, as we suggest in the target article.

According to both commentaries, our proposal appears to underestimate the centrality of an agent’s adaptive actions for causal 
learning, e.g., as seemingly indicated by the importance given to one-shot problems. However, this would be true only if observational
causal learning was the core of our proposal, which would certainly make the discovery of causal regularities exceedingly difficult 
and costly for natural agents.

By focusing on deep reinforcement learning instead, the proposed computational framework regards adaptive actions as crucial, 
and has the resources to accommodate their role in the exploration of "causally embedded context" (Finke & Raja) and in "making 
things happens" by means of "time-locked attention" to specific features and/or outcomes (Goddu). On this view, observational causal 
learning, e.g., one-shot problems, should only be seen as a sophisticated skill built on top of experiences acquired and organised via 
sustained complex interactions with an environment.

Overall, our proposal aims to inspire computational investigations on agents’ exploration and learning in open-ended (multi-
agent) environments [31–33]. Our goal is to answer more specific questions about when and how, in those settings, agents would be 
compelled to learn causal models, progressively refine them through continual interactions, and develop more sophisticated causal 
abilities, e.g., enabling the solution of one-shot problems (for a recent study along these lines, see [34]). To do so, we believe that an 
operationalisation like the one we proposed, or one that reaches a comparable amount of detail, is paramount to ground questions 
like the ones we [1] and the authors of the two commentaries put forward.
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