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Robotics is increasingly seen as a useful testbed for computational models of
the brain functional architecture underlying animal behaviour. Here we pro-
vide an overview of past and current work, focusing on probabilistic and dy-
namical models, including approaches premised on the free energy principle,
situating this endeavour in relation to evidence that the brain constitutes a lay-
ered control system. We argue that future neurobotic models should integrate
multiple neurobiological constraints and be hybrid in nature.

Introduction
Twenty-five years ago, Kenji Doya suggested that the functional architecture of the mammalian
brain is assembled around three specialized learning sub-systems (1, 2). Specifically, that mod-
ular circuits in the cerebellum implement supervised learning, those in the basal ganglia imple-
ment reinforcement learning, and those in the cerebral cortex implement unsupervised learning
(see Figure 1). Since then, many detailed descriptions of the computations performed by a wide
range of brain sub-systems have been developed and refined, together with theoretical propos-
als about how their biological substrates combine to generate adaptive behavior. This work, a
synergy of effort from experimental and computational neuroscientists, control theorists, and
cognitive scientists, has inspired a view of the brain as having a hybrid architecture in which
different, partially modular brain sub-systems contribute distinct and complementary function-
ality (e.g. (3–6)). Further, a wide range of evidence supports the view that this brain architecture
is also layered. That is, it is assembled from multiple, separable levels of control, where, at each
level, the sensory apparatus is interfaced with the motor system (7). Broadly speaking, these
controllers are arranged with fast but inflexible controllers at the bottom, and slow but flexible
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Figure 1: Major functional divisions of the vertebrate brain. ‘Flatmap’ of the rat brain, indicat-
ing the overall arrangement of several major functional regions. These have been the targets of
some of the computational and neurorobotic modelling works discussed in this article.

ones at the top (4, 7). As originally proposed by John Hughlings Jackson (8), this architecture
exhibits dissociations such that higher-level systems can be removed or damaged without fully
compromising lower ones but not vice versa. This feature distinguishes layered control schemes
from hierarchical ones and contributes to the robustness of the former (7, 9).

Neurorobotics, the effort to demonstrate the usefulness of brain-inspired control in embod-
ied physical systems (see Figure 2), has challenged these proposals to be better specified, and
to make their theoretical assumptions more visible. In so doing, it can provide a stringent test
of the completeness of the underlying theories, particularly in terms of the purported role of
target brain sub-systems in the real-time co-ordination of sensing with action (10–13). Robotic
models have, for instance, added to our understanding of the role of the spinal cord/brainstem in
motor pattern generation (14,15), cerebellum in predictive control (16–21), of the basal ganglia
as a key substrate for action selection and reinforcement learning (22–25), hippocampus as an
attractor network that supports memory storage and retrieval (26–30), and the cerebral cortex
as a locus for self-organising somatotopic maps (31), multisensory convergence (32), mental
imagery (33) and meta-cognitive control (34).

More broadly, a growing literature is also offering an understanding of neural computation
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Figure 2: Example neurobotic research platforms. A Salamandra Robotica, an amphibious
robot that can both swim and walk controlled by a model of oscillatory networks in the ver-
tebrate spinal cord (14, 15). Image from Kostas Karakasiliotis, Biorobotics Laboratory, EPFL
(with permission). B WhiskEye, a robot model of brain systems, including cerebellum, basal
ganglia, superior colliculus and hippocampus, underlying navigation and active sensing in the
mammalian vibrissal system (see (41–44)). Image from Martin Pearson, Bristol Robotics Lab-
oratory (with permission). C iCub, a humanoid robot widely used to model human perception,
cognition, motor control and social interaction (e.g. (13,29,31–33)). Image from the University
of Sheffield (with permission). D The design of a neurorobot involves interfacing computational
models of neural circuits with physical models of animal sensory and motor systems. Typically,
the control systems also include components, that are not neurally-inspired, that mediate this
interface (the “embedding architecture”, see (23)). In a well-designed robot, that is suitably
matched to its environment/niche, the morphology of the robot body can simplify some aspects
of control (known as “morphological computation” (11, 45). The resulting physical model of
the organism is able to operate in real-world environments serving as a strong test of the capac-
ity of embedded neural models to generate adaptive behavior.

in both vertebrate and invertebrate nervous systems via neurorobotics (11,35–37). These efforts
range from embedding models of specific neural circuits implemented as networks of ‘spiking’
(leaky integrate and fire) artificial neurons, to those more concerned with computational prin-
ciples implemented using more abstract network models. The latter are often formulated at a
purely algorithmic level, frequently with an emphasis on matching wider system dynamics and
behaviour. The approach, recently described with the phrase “cognitive neurorobotics” (38),
will be our main focus here. This growing importance of robotic modelling in neuroscience
evidences Rosenbleuth and Wiener’s dictum that a suitably designed physical model can pro-
vide a practical and useful means of investigating scientific theories of complex biological sys-
tems (39, 40). Such a device can, in itself, stand as the most complete expression of a theory
and as a tangible demonstration of its capacity to explain, predict and control (36).

The early history of AI and cognitive science was marked by a strong interest in unifying
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