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Abstract. Biological inspiration has led to the design of many connectionist mod-
els and mechanisms. Among them, memorization mechanisms are of particular im-
portance to endow biologically inspired systems with efficient and consistent adap-
tive abilities. In this paper, we report recent modelling works of this kind, imple-
menting procedural, episodic and working memories and making them cooperate
for autonomous agent navigation.

Introduction

Classical connectionist modelling has explored a variety of adaptive mecha-
nisms [8] and has allowed many impressive results in the domain of pattern
matching, control, prediction, etc. Coming back to biological inspiration for
the design of new models or mechanisms can be justified by at least three rea-
sons. First, original and robust adaptative properties can be extracted from
the observation of animal behavior. Second, designing adaptive mechanisms
in relation to their neuronal substratum can give a framework to make these
mechanisms cooperate in integrated tasks and not act alone on artificial prob-
lems. Third, the reference to animal behavior favors the implementation of
ecological tasks that are too rarely investigated. In this paper, this kind of re-
searches is illustrated through the design of three different kinds of memories
(namely, procedural, episodic and working memories) and their interaction
in a cerebral framework for endowing an autonomous agent with navigation
and environment exploration capacities.

1 Procedural memory

Procedural learning is the ability to learn functions or procedures. This ability
is reported as a property of the associative posterior cortex which can learn
for example sensorimotor coordination. This learning is very slow and many
trials are necessary for example to learn how to guide one’s hand with one’s
eye. This kind of learning can be somehow related to the slow statistical
learning performed by feed-forward networks like multi-layer perceptrons.
Indeed, a pattern matching can be learned between an input space and an
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output space and can correspond to learn the transformations necessary to
go from one reference frame (for example retinal) to another (for example
muscular).

From this basic property, illustrated by classical connectionist models,
biologically inspired models of the associative posterior cortex can bring ad-
ditional structural and adaptive properties. Concerning structure, an impor-
tant improvement can be brought to information representation with the
implementation of cortically inspired areas [1]. Such areas, close to Kohonen
self-organizing maps [10], implement batteries of filters and can accordingly
be learned with Kohonen-like competitive mechanisms. Receiving informa-
tion from sensors or actuators, such monomodal areas can build a mapping
representing basic prototypes of perceptive or motor events, which is a first
step in the internal representation of the external world.

Procedural learning will be performed in associative areas, combining
monomodal or other associative maps. Basically, this learning lies on hebbian
associative mechanisms, computing correlations between events in associated
areas. Thus, for example, an association can be learned between the image of
the arm, represented in retinal coordinates into a visual area and its sensa-
tion, represented in muscular coordinates into a sensory area [3]. Additional
biologically inspired mechanisms have been proposed (see for example [4])
and can lead to such interesting properties as generalization, robustness to
noise, transfer of learning and association of sequences of events. This latter
property is very important, for example to learn the consequences of one’s
actions on the environment. Such a learning has been used to build a reactive
architecture allowing an autonomous agent to move, in order to reach a goal
it could see [4].

2 Episodic memory

In addition to this slow procedural learning, humans and animals are obvi-
ously able to memorize after just one or two experiences, episodes of events
they have just lived. The hippocampus has been reported [14] as the neu-
ronal structure able to perform episodic learning. Basically, this learning can
be described as follows[12]: As explained above, the posterior cortex includes
many associative areas representing multimodal information. All these asso-
ciative areas project in the entorhinal cortex which thus gives a snapshot of
the current state of the associative posterior cortex. Thanks to its recurrent
connectivity, the CA3 structure in the hippocampus is then able to store a
prototype of this activity. Similarly, Hopfield-like recurrent neural networks
[9] are reported as able to store prototypes of activity as stable states and act
as auto-associative memory to converge from a close initial state toward this
stable state. In the same way, the hippocampus can detect that the current
state of the associative posterior cortex is novel or that a close state has been
recently experienced. In the former case, the state can be memorized in a dis-
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tributed way in the hippocampal structure. In the latter case, the memorized
event, including its spatial and temporal context, can be retrieved and sent
back to the cortex [13]. Such a short term, rapid memorization can allow an
autonomous agent to reach a goal that was seen before, even it is no longer
viewed [7]. It was also tested, in cooperation with a model of posterior cor-
tex, as a supervisor of this latter structure [11], thus allowing for an internal
cooperation between episodic and procedural memories.

3 Working memory

Both episodic and procedural memories can reveal insufficient to guide an
autonomous agent if obstacles or other problems prevent it from directly
reaching a goal. In this case, a working memory is necessary to manipulate
goals and subgoals and perform planning. The prefrontal cortex is known as
the neuronal structure responsible for this kind of reasoning [6]. Basically,
a mechanism has been proposed in [2] to explain how sensorimotor goals
and subgoals, detected in the posterior cortex, can be controlled over time to
organize behavior. Neurons in the prefrontal cortex are known to have lasting
activities during such planning behavior. It is then proposed that they act like
stacks, memorizing current and past states of the posterior cortex, together
with the corresponding transitions. This knowledge can then be exploited
to organize these states with regard to a goal and to trigger them when
necessary. It was also proposed [6] that the same system could be used as a
memory of the future and thus anticipate consequences of its actions. Such
a model of prefrontal cortex, cooperating with a model of posterior cortex
was implemented [5] to organize the behavior of an autonomous agent with
regard to several motivations.

Discussion

The purpose of this paper was to propose a rapid overview of some recent
biologically inspired models that exploit current knowledge about memory
systems in the brain. We wish to underline here that these models are not
only theoretical but that they were really implemented and used for the nav-
igation of simulated or real robots. Even if it was not possible to gather all
these data in this paper, the reader is invited to refer to the references to
get more details about underlying equations or performances. Beyond these
important data, the goal of this paper was to show that neurosciences accumu-
late more and more knowledge about brain functioning that can be more and
more easily integrated in operational softwares. From this partial overview,
it also appears that modelling the brain necessarily consists in designing co-
operating modules, each performing a specific kind of information processing
and memorization, as a result of phylogenesis. Thus, the cerebral framework
prevents from only focusing on specific local mechanisms and underlines a



4

Frédéric Alexandre

distributed view of cooperating systems, from which new robust mechanisms
can emerge. What we have proposed here is that wondering about memo-
rization capabilities can be a fruitful way to build such an artificial cerebral
system.
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