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The renaissance of Arti�cial Intelligence (AI) owes to two seemingly countervailing
factors: more powerful and sophisticated computational resources on the one hand,
and increasing abstention from claims to simulating human intelligence on the other.
The �rst development is a simple fact, but has epistemologically relevant implications
with respect to the computational complexity involved (the ‘Black Box Problem’). The
second development either manifests itself in a return to the original aim of AI of
making computers solve problems that would require intelligence from humans, or in
modelling prima facie simple, but embodied and environmentally situated activities.

Accordingly, there appears to be a trend in AI towards more complexity on the
level of computational abilities, and a trend towards more simplicity on the level of
explanatory aims. The question to be discussed in this paper is: how may these devel-
opments be related? I will try to answer this question, �rst, by recourse to pragmatist
views of modelling and simulation that highlight – and accept – the methodologically
‘motley’ and epistemically ‘opaque’ character of computer simulations (Winsberg 2010;
Humphreys 2004). Second, I will use two distinct recent AI approaches as case studies:
Behaviour-based AI and Deep Learning.

Behaviour-based AI starts from the assumption that the root of human cognitive
abilities lies in embodied and environmentally situated skills of orientation, locomotion
and exploration of objects in their surroundings. These skills are modelled in bottom-
up fashion, using expressly simple and decentralised architectures and algorithms.
These skills are supposed to be the foundation from which capacities of abstract
reasoning emerge, again in bottom-up fashion. Conversely, Deep Learning approaches
are inspired by the structure and functions of the human nervous system but do not
typically seek to explain them. Instead, partial formal analogues of human neuronal
activities are used to detect patterns in data sets that are often too large and too
complex to be tractable for human observers.

The instructive contrast between these two approaches can be characterised as
follows: in Behaviour-based AI, transparency is bought at the cost of simplifying
model and target system – which gives rise to the ‘scaling problem’: will the model
also explain more complex cognitive abilities, and still remain tractable? In Deep
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Learning, the ability to computationally capture complex problems is bought at the cost
of epistemic opacity, often coupled with reduced explanatory aspirations. Moreover, a
core principle of AI and computer science still cherished by Behaviour-based AI is
partly abandoned here: the notion of breaking down a complex problem into simple,
solvable, and tractable arithmetical routines.

With respect to the ‘Black Box Problem’, opacity of the model will defeat any ap-
proach that seeks explanations of human cognition or other phenomena, as explanation
requires epistemic transparency. However, opacity of the model need not defeat an
approach that is exclusively committed to producing workable applications. If the pur-
pose of AI is the “simulation of cognitive processes” (Feigenbaum and Feldman 1963,
269), some key features of these processes have to be represented by the simulation.
If, however, AI intends “to construct computer programs which exhibit behaviour
that we call ‘intelligent behaviour’ when we observe it in human beings” (ibid., 3), the
means of producing that behaviour do not serve as the target system of the model but
as its, pragmatically justi�ed, resource.
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