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Abstract

In this paper we review recent findings from neurobiology
concerning action and adaptation, from the level of motor
control up to the level of decision making. At the level of
motor control, proposals concerning multiple forward and in-
verse internal models in the cerebellum are described. Par-
ticular consideration is devoted to the adaptive mechanisms
of these models.Then, the decision making processes tak-
ing place in the basal ganglia and the orbitofrontal cortex
are discussed. Under the light of recent findings, these two
structures correspond to two levels of decision making with
distinct characteristics.The amygdala plays an important role
in these decision making processes, for it provides affective
evaluation to the action options being considered, as well as
an adaptive role in associating novel stimuli with affective
states. Then, we discuss possible contributions that these
findings may provide for the development of cognitive archi-
tectures for robots. In particular, we focus on the following
issues: (1) the integration of information coming from differ-
ent levels, with distinct natures and time frames (the binding
problem), and (2) the nature of the described internal models,
in the sense that they model the relationship of an embedded
and embodied being with its environment. We finally discuss
future directions for the research on cognitive architectures,
taking into account the discussed neurobiological adaptive
mechanisms.

Keywords: cognitive architectures, robotics, motor con-
trol, decision making, emotions.

Introduction
Every time engineering has sought to solve a problem that
biology has already solved, even if partially, it understand-
ably looks to nature for inspiration. Since the beginning of
the field of Artificial Intelligence (AI) that biological intel-
ligence has served as a natural source of inspiration. This
inspiration has taken many forms — rational thought in the
form of mathematical logic, economics, psychology, and
neuroscience — usually consisting in functional explana-
tions of how the mind works. However, it is important to
note that, as airplanes share little similarity with birds (al-
though the latter have inspired Wright’s brothers early ex-
periments), the optimal design for an intelligent machine is
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most probably radically different from the architecture of the
human mind. Taking into account the radical differences be-
tween biological (neurons, synapses, neurotransmitters, and
a massive parallel architecture) and computational systems
(gates, digital circuits, and serial computation), it is natu-
ral to assume that the best methodologies to attain a given
set of design goals with an artificial system ought to be
radically different from the ones emerging from biological
evolution. For instance, massively search algorithms have
proved successful by beating the chess grandmaster Gary
Kasparov in 1997 (Campbell, Jr., and Hsu 2002). The ma-
chine (Deep Blue) is able to search over 100 million posi-
tions per second, while a human player supposedly exam-
ines far less positions. The comparison between the serial
processing performed by computers, and the parallel nature
of the brain (von Neumann 2000) is often mentioned to jus-
tify such diverse approaches. Taking human intelligence as
inspiration is thus useful to the extent that no better models
of intelligence seem to currently exist, and so, taking inspi-
ration in biology can be considered a good starting point for
novel advances.

This paper focuses on one particular form of inspiration:
the neurosciences, encompassing both cognitive science and
neurobiology. Taking a neurobiological point of view, we
consider system-level models of the brain. From this point
of view, the brain comprises several, functionally more or
less distinct, subsystems. In this paper, three of these sub-
systems are examined: the cerebellum, which is responsible
for motor control, the prefrontal cortex, namely in what con-
cerns decision making, and the amygdala, in the role of pro-
viding affective evaluation of stimuli. Taking recent findings
concerning the functionality of each one of these subsys-
tems as a starting point, we discuss a set of ideas suggested
by these results for the design of cognitive architectures. It
should be noted that this research is particularly focused
on cognitive architectures for robots, as they pose particu-
lar design constraints. Namely, the constraints imposed by
the fact that any robot is situated in a physical environment
with which it interacts (possibly including humans and other
robots), it receives raw sensory input from sensors, and it is
embodied in a physical structure.

The paper is organized as follows: the next section re-
views recent results from the neurosciences relevant to this
work, then the following section discusses possible contri-



butions that these results may provide for the development
of cognitive architectures, and finally some conclusions are
presented in the last section.

Lessons from neurobiology
Motor control
The cerebellum is a region of the brain located in the inferior
posterior portion of the head, being mainly responsible for
motor control. The computation model of the cerebellum
proposed by Wolpert et al. (Wolpert, Miallb, and Kawato
1998) comprises multiple paired forward-inverse models.
Each one of these models contains a forward internal model
(FIM) and an inverse internal model (IIM) (Kawato 1999).
The forward model predicts sensory consequences of motor
commands given as input. For instance, given an arm move-
ment command, it predicts the trajectory followed by the
arm, as perceived by the subject. The inverse model outputs
a motor command, given a desired trajectory. The intention
to grasp an object, for instance, triggers an appropriate mo-
tor command, produced by the corresponding inverse model.
These models are part of a complex control architecture, il-
lustrated in figure 1. Three control loops can be identified in
this architecture: a (1) slow feedback loop passing through
the environment and the sensory system, which introduces
an unavoidable latency in the loop, a (2) fast feedback loop
involving the forward model, shunting the sensory system,
and thus mitigating the effects of its latency, and an (3) open
loop control, which allows for the fastest response, since it
is independent of any feedback signal. The slow feedback
is essential to bootstrap the internals models, that eventually
allow the open loop control to work after sufficient adapta-
tion. First, the forward model learns from sensory data to
predict the sensory consequences of motor commands, with
the advantage of being able to output these predictions ahead
of time, and thus compensating for the sensory feedback la-
tency. Second, the controller output can be used to adapt the
inverse model to output the appropriate motor commands,
without any feedback. The robustness of this architecture is
provided by the capability of the sensory feedback loop to
take over whenever something goes wrong.
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Figure 1: Sketch of the motor control mechanism of the
cerebellum (adapted from (Kawato 1999)). Dashed lines de-
note an adaptive mechanism of the target module.

According to Wolpert et al. (Wolpert, Miallb, and Kawato
1998), a single pair of forward and inverse models is not suf-
ficient to model all the diversity of motor tasks humans can
perform. And thus he proposes the existence of multiple
models, coordinated by a responsibility estimation mecha-
nism. Depending on the context, this weights the prepon-
derance of each model in the feedforward motor command,
as well as its plasticity in each situation.

It should be noted that these models learn the dynamics of
the whole system, comprising body and environment. They
acknowledge the embeddedness and the embodiment of the
organism in the world, since the dynamic behaviour of the
body+world system depends on the physical properties of
both as a whole.

Decision making
Two areas in the brain have been identified as directly im-
plicated in the core process of decision making (Frank and
Claus 2006): the basal ganglia and the orbitofrontal cor-
tex. Decision making follows the consideration of one or
more action options. These action options are represented
and held in the premotor cortex, as representations of cor-
responding motor commands, during the decision making
process.

The basal ganglia (BG) handles decision making on the
basis of go and no-go responses (Schultz 2002; Frank and
Claus 2006). It formulates predictions about rewards follow-
ing the decision taken. When a mismatch occurs, a specific
population of neurons1 that releases dopamine is activated.
Dopamine is a neurotransmitter that affects several brain ar-
eas. In particular, at the level of the BG, it promotes plastic-
ity of the BG neurons responsible for signaling the go and
no-go responses. Whenever the rewards follow the expected
pattern, i.e., either the expected occurrence of a reward, or
no reward when none was expected, no plasticity occurs.
However, when an unexpected reward takes place (as in the
case of the acquisition of a conditioned response), there is an
increase of dopamine release, leading to the facilitation of a
go response. Conversely, when no reward takes place after
one being expected, there is a decrease in dopamine release,
thus facilitating a no-go response.

The acquisition of associations (conditioning) between
cues and rewards is driven by the occurrence of initially un-
expected rewards following the cue. These unexpected re-
wards elicit dopamine releases, which then facilitate go re-
sponses. After the acquisition of an association, the reward
becomes expected, and the BG transfers the dopamine re-
lease from the reward (which becomes then predictable after
the conditioned stimulus), to the occurrence of the cue itself.
This mechanism resembles reinforcement based approaches
in machine learning (Sutton and Barto 1998). On the one
hand, the go and no-go responses can be matched against
utility values, in the following sense: a rational agent, in de-
cision theory, aims the maximization of the expected util-
ity (von Neumann and Morgenstern 1944), and thus the
practical consequence of the numerical values of utilities is
that higher expected utilities facilitate the actions that lead to

1Substantia nigra pars compacta.



them. On the other hand, the transfer of dopamine responses
back in time (from rewards to conditioned stimuli) is com-
parable with the propagation of utility values to states that
precede (anticipate) future rewards.

It is noteworthy to stress that the BG also promotes in-
strumental learning in the cortical areas (Frank and Claus
2006). As soon as this instrumental leaning is acquired, the
BG does not have an active role (except of course in the case
of any relevant unexpected event).
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Figure 2: Illustration of the architecture involved in the deci-
sion making process (adapted from (Frank and Claus 2006)).
The dashed line denotes plasticity effect (dopamine).

The other brain area implicated in decision making is the
orbitofrontal cortex (OFC) (Rolls 2004; Frank and Claus
2006) (see figure 2). While the BG does not distinguish re-
wards of different natures, the OFC is responsible for hold-
ing in working memory gain-loss information associated
with the considered action options. These associations in-
clude the nature of the action outcomes, as well as their tem-
poral relationships (e.g., distinguishing between short-term
and long-term rewards, and weighting them against each
other). The information about the desirability of outcomes is
given by connections from and to the amygdala, which per-
forms affective evaluation of the predicted outcomes. These
projections from the amygdala to the OFC are the basis of
the contribution of emotions to decision making (Damásio
1994). Another important aspect of the OFC is that these
associations are established very rapidly, thus allowing the
brain to adapt quickly to new situations. It has been shown
that the OFC is essential for good performance in rever-
sal learning experiments, where the rewards are suddenly
changed midway the experiment (Frank and Claus 2006).

The OFC contributes to the decision making process by
activating either the go or the no-go areas of the BG (Frank
and Claus 2006). The decision of performing an action is
thus the result of the combination of two assessments: the
one performed by the BG itself, whose adaptation is slowly
driven by dopamine releases, and the one performed by the
OFC (top-down), which holds in working memory recent
information about gain-losses of action options.

We claim that these results suggest a division of tasks in

adaptation, from a machine learning point of view: on the
one hand, we have a modality of learning based on the prob-
ability of future rewards (the slow adaptation performed by
the BG since the estimation of probabilities requires repeti-
tion), and, on the other hand, we have a modality of learn-
ing based on past events (quick adaptation of the OFC). The
latter is able to respond quickly to changes in the condi-
tions under which rewards are obtained, while the former
consolidates reward associations that are consistent along
time. Decision making cannot be solely based on the recol-
lection of past events, not only because the complex nature
of the world would demand enormous storage and retrieval
resources, but also because of the need to cope with novel
situations.

Emotions
The amygdala is a brain structure primarily responsible for
triggering emotional responses. It corresponds to a phy-
logenetically older part of the brain, thus suggesting that
emotion processes predate cognition in the evolution of
species (LeDoux 1996). Of the many emotions human are
able to experience, fear has been specially the object of in
depth research (LeDoux 2000), so that we now have a bet-
ter understanding of its neural correlates than of any other
emotion. The amygdala is able to respond innately to cer-
tain stimuli, as for instance the freezing behavior in rats
after a loud tone. These responses provide basic survival.
Besides, the amygdala is also able to associate novel stim-
uli with these basic responses. This adaptive capability is
essential for a species to cope with complex environments.
The classic example of these associations is the Pavlov clas-
sical conditioned experiment (Pavlov 1927): the pairing of
the display of meat with a bell tone, so that the bell tone
alone elicits salivation by the dog. It is well known that the
amygdala is a central piece for the acquisition of these con-
ditioned responses.

Sensory input originating in the sensory organs is relayed
by the thalamus to both the cortex and the amygdala. In
the cortex, it is subjected to cognitive processing, with the
capacity of emotional elicitation following activation of the
amygdala (see figure 3). These two paths are termed by
LeDoux (LeDoux 1996) as the high- and the low-road to the
amygdala, respectively, as they correspond not only to two
distinct levels of complexity (refined in the high-road, and
rough in the low-road), but also to very different response la-
tencies (approx. 30 to 40 ms via the high-road, and 12 ms via
the low-road). The amygdala not only receives sensory input
from the thalamus, but also contextual information from the
hippocampus (the Pavlov’s dog salivates inside the lab, but
not outside it). The eliciting of an emotional response has a
myriad of consequences, ranging from regulatory functions
of the body to cognition function (memory, attention, and
decision making, to name a few).

The OFC relies on the amygdala (namely the basolateral
nucleus; ABL) to obtain an affective evaluation of possible
outcomes before a choice is made (Frank and Claus 2006).
The ABL encodes associations between cues and affective
value of outcomes, as in the case of the conditioned reflex re-
sponses. These associations are retrieved and held in work-
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Figure 3: Illustration of the LeDoux’s high- and low-road to
the amygdala (adapted from (LeDoux 1996)).

ing memory by the OFC. The ABL thus anticipates emo-
tional consequences of the choices being considered.

The contribution of the OFC is not limited to the phase
prior to decision making, but it also extends to the pro-
cessing of the outcomes of the choice made. This mecha-
nism is essential, for instance, in the case of regret (Cori-
celli, Dolan, and Sirigu 2007), where humans take into ac-
count the chances of regretting a particular action option:
the knowledge that the reward following a rejected option is
better than the one obtained after the taken option. In this
case (as in others), human behavior deviates from what is
predicted by the expected utility maximization principle.

Bio-inspired cognitive architectures
Brief review of existing approaches
Biological inspiration has provided a fertile ground for the
development of many cognitive architectures in the do-
main of AI. A broad range of proposals can be found in
the literature (see (Vernon, Metta, and Sandini 2007) for
a review). Prominent earlier ones include SOAR (Laird,
Newell, and Rosenbloom 1987) and ACT-R (Anderson et
al. 2004). The SOAR takes inspiration mainly in psy-
chology, whereas ACT-R originates from neurophysiology
studies. However, both of these architectures have pro-
duction rules at the core of their implementations, and fol-
low a symbolic approach (the physical symbol hypothe-
sis (Newell and Simon 1976)). The symbolic approach to
A.I. has been the object of severe criticism (Brooks 1991;
Dreyfus 2007), and it is widely accepted that it is inad-
equate to robotics (except in very constrained and struc-
tured environments). Radically different approaches have
been proposed, such as the subsumption architecture by
Brooks (Brooks 1991). This has also shown limitations,
namely in what concerns scaling to more complex levels of
competence. Since then, many other cognitive architectures
have been proposed. From the ones with an explicit neurobi-
ological inspiration, we have chosen to take a closer look at
the following: the Shanahan’s Global Workspace (Shanahan
2006), the Christensen’s SDAL (Christensen and Hooker
2000), the Weng’s SASE (Weng 2004), and the Kirchmar’s
Darwin architecture (Krichmar and Edelman 2006).

The Global Workspace cognitive architecture proposed by
Shanahan (Shanahan 2006) mimics in an explicit way the
interplay between the BG and the amygdala. Its decision

making process comprises two levels: a first level, reactive
level, where the control loop is closed through the environ-
ment, and a second level, where considered actions are in-
ternally rehearsed prior to the actual execution. The archi-
tecture is based on Baar’s Global Workspace theory (Baars
2002), according to which cognition consists of several par-
allel modules, all competing for exclusive access to a global
workspace. This competition results in a winner-take-all
strategy for one module to take control over that global
workspace, and the outcome of this control is then broad-
casted back to all modules. Shanahan’s implementation uses
a neural network methodology. The architecture mimics the
various brain structures involved (BG, amygdala, visual cor-
tex) and their neural interconnections. Recent experimen-
tal results employ a Webots environment with several col-
ored objects, where the (virtual) robot detects the objects’
salience and rotates its head accordingly.

The Christensen’s Self-Directed Anticipative Learning
(SDAL) architecture (Christensen and Hooker 2000) follows
a dynamical embodied approach, rooted in two main ideas:
(1) specific self-directed processes to attain autonomous
maintenance of the system state (e.g., survival), and (2) the
use of prediction and anticipation for the construction of new
skills. These ideas follow recent theories on anticipative-
predictive neural learning, namely the role of dopamine in
the process.

Taking a developmental approach, Weng proposed
the Self-Aware Self-Effecting (SASE) architecture (Weng
2004). This architecture distinguishes the internal from the
external environment of an agent. The agent interacts with
the former using the internal sensors and effectors, and with
the latter using the external sensors and effectors. The ex-
istence of an internal loop through the internal environment
allows for the self awareness (and self effecting) proposed
by the architecture (e.g., attention selection). This architec-
ture has been implemented in robotic platforms. In these
implementations, the sensorimotor system comprises three
mappings in cascade: a sensory mapping, mimicking the hi-
erarchical neural arrangement of the visual cortices, a cog-
nitive mapping, including both innate and learnt behaviours,
and a motor mapping that employs a subsumption paradigm
to arbitrate the behaviours produced by the cognitive map-
ping. Robotic implementations of SASE include develop-
mental approaches to the recognition from occluded views,
to vision-guided navigation, to speech learning, to commu-
nicative learning, and to acquiring new capabilities (with or
without a teacher).

Kirchmar et al. has been developing the idea of brain-
based devices, and implementing these in robot platforms
called Darwin (Krichmar and Edelman 2006; McKinstry,
Edelman, and Krichmar 2006). These implementations fol-
low closely models of neural dynamics and of the connec-
tivity in the brain. The levels of competence they have at-
tained with this approach include the recognition of visual
targets, by mimicking several visual cortices, the navigation
and categorization of textures using whiskers, based on the
neuroanotomy of rats, and the development of spatial and
episodic memory, based on models of the hippocampus and
related regions.



Challenges
The findings reviewed here suggest several possible contri-
butions of the neurosciences for the development of cogni-
tive architectures.

First, we consider the binding problem, which consists in
the problem of how the brain integrates, in a coherent way,
information processed in different brain regions. It has been
proposed that this is accomplished using event files (Hom-
mel 2004), linking neural codes involved in both the percep-
tion of an object (the various perceptual features are them-
selves integrated into object files), and the action (if any)
that is somehow related with that object (action files).

The brain presents a modular organization, but its mod-
ules do not function independently. However, cognitive ar-
chitectures often feature different modules functioning more
or less independently. A mechanism in cognitive architec-
tures is thus needed to bind perceptions and actions causally
connected in the interaction with the environment. More-
over, from a technical point of view, the implementation
of such binding mechanism raises questions of how the
continuous nature of motor control is coherently integrated
with the discrete time, event based, process of considering
courses of action, predicting outcomes, and making deci-
sions. This coherence between these two time scales is at-
tained by the brain, according to Kurby et al., by a mecha-
nism that segments perception into events (Kurby and Zacks
2008). According to them, this segmentation is based on a
set of (local) predictors, that detect an event change when-
ever an significant error is detected between the predicted
perception and the actual one.

Such predictors can be found at several brain re-
gions (Schultz and Dickinson 2000): the forward models at
the cerebellum predict future sensory consequences of mo-
tor commands (Wolpert, Miallb, and Kawato 1998), the re-
ward expectancy at the BG (Schultz 2002), the predictive
coding in the visual cortex (Rao and Ballard 1999), and so
on. The ability of making predictions depends on models of
some sort, involving the interaction of the organism within
its environment. These models are therefore embedded and
embodied. They are embedded because they model the or-
ganism together with the environment as a whole, and they
are embodied because they depend on the existence of a
body, that conditions the interaction with the world. This
idea is not new, but we would like to stress that the predic-
tion mechanisms at the higher cognitive levels should inte-
grate the ability to predict the outcome of low level reactive
processes. For instance, imagine a robot equipped with a
reactive obstacle avoidance mechanism; a high level trajec-
tory planning module should be able to predict that the robot
would detour around an obstacle automatically, without di-
rect intervention of the high level module.

We find it interesting to note that the discussed brain sub-
systems do not function independently. For instance, the
cerebellum depends on prediction errors as evaluated by the
visual cortices; the affective evaluation used by the OFC de-
pends on the amygdala assessment of the action options; and
the go/no-go response depends on the contribution of both
the BG and the OFC. The economy of resources and the
use of previously developed structures may provide a phylo-

genetic explanation for this organization. Some behaviour-
based architectures (Arkin 1989) follow a different organi-
zation, as behaviours are implemented as independent mod-
ules, whose actions are then combined at the end.

Future directions
Two issues deserve further research from our point of view.
The first one is the problem of perception. This includes,
on the one hand, the problem of integrating the information
from diverse sources and with various modalities: sensory
information with recalled memory, cross-modal sensory in-
formation (e.g., visual with auditory), continuous time with
discrete time. On the other hand, perception depends on pre-
dictive mechanisms that can be found in diverse brain sub-
systems. The design of such predictive mechanisms has to
meet several challenges, for not only do they have to limit
their scope to a subset of relevant aspects, but they also have
to address the problem of how they are applied to new situa-
tions. Moreover, such predictive mechanisms can help seg-
menting time into events.

The second issue is the non-utilitarian nature of human
decision making. Utilitarian approaches are founded on
utility theory, according to which preferences can be rep-
resented by real numbers, and on decision theory, based
on the maximization of the expected utility principle (von
Neumann and Morgenstern 1944). These theories have pro-
vided fertile ground, for instance, to the research on se-
quential decision making (e.g., reinforcement learning (Sut-
ton and Barto 1998)), sharing a solid mathematical foun-
dation. However, there is evidence against the adequacy
of utilitarian approaches to explain human decision mak-
ing. One example already discussed in this paper is the case
of regret (Coricelli, Dolan, and Sirigu 2007): experiments
have shown that humans tend to prefer options with lower
chance of future regret, than the one that mathematically
maximizes expected utility. Another example is the com-
pelling evidence that, in certain situations (namely of risk),
humans are insensitive to the probability of outcomes, thus
deviating from what could be predicted by utilitarian mod-
els (Loewenstein et al. 2001). These and other findings have
contributed to the emerging field of neuroeconomics (Glim-
cher and Rustichini 2004), resulting in the convergence of
economics, psychology, and neuroscience.

Conclusions
This paper takes a biologically inspired approach to the de-
sign of cognitive architectures. The biological inspiration is
not new in the field of AI, and we have reviewed a selec-
tion of cognitive architectures that explicitly acknowledge
this inspiration. However, we claim that progress in the neu-
rosciences continues to provide interesting ideas for the AI
research community. Moreover, we support the idea that
the design of cognitive architectures for robots poses spe-
cific problems for which the biological inspiration has po-
tential to be particularly useful. First, because robots are
physically embodied, and thus relate with the world with
the same constraints of situatedness as biological organisms,
and second, because robot sensory apparatuses have to meet



the challenge of perception, encompassing the processing of
raw sensory data up to the level of interpretation.
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