
Chapter 7
Complex systems and perception

P. Arena, D. Lombardo and L. Patané

Abstract This Chapter concludes Part II of the present Volume. Here the hypoth-
esis of an internal model arises is needed at the aim to generate internal represen-
tations which enable the robot to reach a suitable behavior so as to optimize ide-
ally arbitrary motivational needs. Strongly based on the idea, common to Behavior-
based robotics, that perception is a holistic process, strongly connected to behavioral
needs of the robot, here we present a bio-inspired framework for sensing-perception-
action, based on complex self-organizing dynamics. These are able to generate in-
ternal models of the environment, strictly depending both on the environment and
on the robot motivation. The strategy, as a starting simple task, is applied to a rov-
ing robot in a random foraging task. Perception is here considered as a complex and
emergent phenomenon where a huge amount of information coming from sensors
is used to form an abstract and concise representation of the environment, useful
to take a suitable action or sequence of actions. In this chapter a model for percep-
tual representation is formalized by means of Reaction-Diffusion Cellular Nonlinear
Networks (RD-CNNs) used to generate self-organising Turing patterns. They are
thought as attractive states for particular set of environmental conditions in order to
associate, via a reinforcement learning, a proper action. Learning is also introduced
at the afferent stage to shape the environment information according to the particular
emerging pattern. The basins of attraction for the Turing patterns are so dynamically
tuned by an unsupervised learning in order to form an internal, abstract and plastic
representation of the environment, as recorded by the sensors. In the second part
of the Chapter, the representation layer together with the other blocks already in-
troduced in the previous Chapters (i.e. basic behaviours, correlation layer, memory
blocks, and others), has been structured in an unique framework, the SPARK cogni-
tive model. The role assigned to the representation layer inside this complete archi-
tecture consists in modulating the influence of each basic behaviour with respect to
the final behaviour performed by the robot to fulfill the assigned mission.
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7.1 Introduction

Morphological patterns and schemes are ubiquitous in Nature: from seashells and
animal coats, to gastrulation, patterns play a fundamental role in life. For example,
animals can easily and promptly recognize preys or predators from a smell or visual
and acoustic information. All these sensations are nothing else than spatial temporal
patterns: these elicit either instinctive actions to save the animal life, or learned be-
haviors, for skills improvement [20]. Our methodology is inspired by the idea that
the sensing-perception-action cycle is mediated through spatial-temporal patterns:
actions are planned and executed following a pattern flow, which is continuously
created and modified via a learning process mediated through the environment. Na-
ture offers many examples of learning used by animals to adapt their behavior to
the environment in which they live. As already mentioned in the other Chapters,
essentially two learning mechanisms, allowing animals to associate their behavior
with particular environmental states, have been formalized: classical and operant
conditioning. Classical conditioning is based on Pavlov’s experiments [28]: an ini-
tially neutral stimulus, called conditioned stimulus (CS), is presented for a num-
ber of trials within a motivational or unconditioned stimulus (US), able to trigger
a genetically pre-wired reflex, the unconditioned response (UR). After a sufficient
number of trials, the association between CS and US, which plays the role of initial
reinforcer for the learning system, causes the CS presented alone to be sufficient to
trigger a response, similar to the UR, called conditioned response (CR). For exam-
ple Pavlov showed how some dogs, after a period of staying in a laboratory, stood up
not only in presence of food, but also in presence of the laboratory technician who
brought it. In classical conditioning the animal is passive to the learning process.
Instead, if the animal has to perform a specific task in its environment, its actions
are guided by a reward or by a punishment. This is the core of operant conditioning,
based on the experiments by Thorndike [36] and Skinner [33]. Thorndike studied
the behavior of cats, placed into a cage. They had to solve the problem of leaving
the cage by means of an appropriate action on a bolt. Initially the cats acted ran-
domly, but, repeating the experiment several times, they were able to learn how to
avoid useless actions and to speed-up the process. Similarly Skinner observed mices
and highlighted that, if accidentally a mouse leaned on a lever, causing a food mar-
ble to enter the cage, then, in the future, the mouse would have continued to press
the lever, because it was reinforced by the positive consequences of its action.
For a robot facing the real world, the ability to interpret information coming from
the environment is crucial, both for its survival and for attaining its behavioral goals.
Real world differs from structured environment because it contains moving objects
and dynamical environmental states, so that it is impossible to programme the robot
behavior only on the basis of a priori knowledge. To meet these needs, traditional
machine perception research directed its efforts to construct, on the basis of sen-
sorial data, a consistent and complete symbolic or geometric representation of real
world (for example a 3D environment model taken out from some video cameras).
However, this approach tends to disregard that perceptual needs are a consequence
of the motivational and behavioral need of a robot and that perception is connected
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to the specific task to be performed. Moreover, constructing a complete model of the
environment, without verifying if it is really necessary, can be an useless waste of
resources. Machine perception research developed a new paradigm which considers
perception no longer as a stand-alone process, but as a holistic and synergetic one,
tightly connected to the motor and cognitive system [8]. Perception is now consid-
ered as a process indivisible from action: behavioral needs provide the context for
the perceptual process, which, in turn, works out the information required for mo-
tion control. In this view, internal representations are compact and abstract models
built on the basis of what is really needed for the agent to achieve its behavioral tasks
[10] and this process is mediated through a behavioral-dependent internal state [27].
Following this new prospective, we refer here to Representation as the internal state
which results from the dynamical processing of the sensory events which relax to a
solution representing the arousal of a given pattern. This shows an abstract picture
which, through leaning, should more and more mirror the characteristics of the en-
vironment in which the robot is situated, aimed at solving the robot mission.
For example, aiming to solve the problem of autonomous robot navigation, without
a priori knowledge, the successful interaction between a robot and its surroundings
could be built through skill-based [34, 35] learning mechanisms. These allow the
robot to achieve its tasks by building both an adequate association between sensory
events and internal representation and a suitable state-action map.
This approach to perception, introduced in the first part of this Chapter, is comple-
mentary with respect to those ones presented in the previous parts of the book, i.e
modeling basic behaviors and the bottom-up approach. Our approach is based on
complex nonlinear dynamics, exploiting the possibility to have the emergence of
new solutions in a complex system, that ARE associated to robot behaviors.

7.2 Reaction-Diffusion Cellular Nonlinear Networks and
perceptual states

Here we present an implementation for the Representation layer, based on a Reaction-
Diffusion Cellular Nonlinear Networks (RD-CNNs) generating Turing patterns,
leaving details on the general RD-CNN architecture and to Turing Patterns to Ap-
pendix I. The strategy is applied to the control of a robot which moves in an envi-
ronment, trying to avoid randomly placed obstacles and to reach targets.
The Representation layer can be divided into functional blocks. The starting point
is the preprocessing block, which receives sensorial stimuli from the environment,
dynamically clusters and uses them as initial conditions for a two-layer RD-CNN,
which is the core of perception. The CNN parameters are chosen appropriately to
generate Turing patterns, which form an internal state representation. Each pattern is
associated with an action by means of a simple reinforcement learning. To perform
its task, the robot is provided with no a priori knowledge and learns by means of
trial and error, according to the experiments in [36, 33]. The learning is implemented
by two mechanisms: an unsupervised learning acts at the preprocessing block allow-
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ing the system to modulate the basins of attraction of the Turing patterns, while a
simple reward-based reinforcement learning is devoted to build up the association
between Turing patterns and actions. The latter is based on a simplified version of
the traditional Motor Map (MM) [29, 31].
We have also introduced a higher level control as an implementation of a memory
mechanism. The idea of this layer has been drawn by [39, 38], where the authors
develop a perceptual scheme (Distributed Adaptive Control, DAC5) as an artificial
neural model of classical and operant conditioning. In DAC5 three tightly connected
control layers are introduced: the reactive layer, the adaptive layer and the contextual
layer. The reactive control layer implements a set of basic reflexes, where low-level
sensorial, unconditioned inputs, USs, trigger simple unconditioned actions, URs,
via an internal state (IS) representation. The adaptive control layer allows the sys-
tem to associate more complex stimuli, CSs, with the basic ones, USs. In this way
the purely reactive activation of the IS populations, due to USs, is progressively
replaced by acquired representations of CSs and by the generation of CRs. The con-
textual layer constructs a high-level representation of CSs events and CRs associated
actions, expressing time correlation by means of a short term memory (STM) and a
long term memory (LTM).
The main difference of our implementation from [39, 38] is the introduction of
complex dynamics in the system implementing the sensing-perception-action loop.
Dynamical systems have been already successfully used in bio-inspired locomotion
control of walking robots [15, 7]. Nonlinear dynamical systems are used in place of
a static neural network, for reasons of biological plausibility, versatility and much
improved plasticity. This latter characteristics is obtained by imposing that the set of
actions to be performed by the robot is not a priori established, as in [39, 38], but is
the result of a simple, and effective learning mechanism built upon the surprisingly
huge amount of different solutions that RD-CNNs are able to show, as a function of
boundary and initial conditions. This complex layer leaves a simple task to be solve
by an efferent associative learning for the best matching among the emergent so-
lution and the behaviour optimizing a given reward. This strategy largely improves
the plasticity of the methodology.

7.3 The Representation layer

The Representation layer is made-up of five main blocks (Fig. 7.1):

1. the preprocessing block, which receives and processes environmental stimuli;
2. the perception block, which creates an internal representation from sensor inputs;
3. the action selection network, which triggers an action to the effectors;
4. the Difference of Reward Function (DRF) block, which evaluates the suitability

of actions and contributes to the learning process;
5. the memory block, which stores and manages past successful experiences of the

robot.
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The blocks of preprocessing, perception, action selection, and DRF constitute the
low level control layer, whereas the memory block provides a higher level control.
In the following we will refer to an iteration to indicate the set of operations leading
to a single robot action; we will refer to a cycle to indicate the set of iterations
between two successive target findings.

Fig. 7.1 Functional block diagram of the implemented framework.

7.3.1 The preprocessing block

The robot is provided with four distance sensors (front, left, right and back) for the
detection of obstacles (Fig. 7.2a), one distance sensor for detecting the target, which
in the practicality could be a light or a phono source, and one orientation sensor
which determines the angle between the robot orientation and the direction robot-
target. All the sensors have a limited range. It is desirable that the robot performs
a random search in absence of targets within the sensor range. As for the sensor
outputs, we make the assumption that they are all scaled in the range [−1,1]. Each
sensorial stimulus is the input for a sensing neuron (SN) with an activation function
made-up of variable amplitude steps, learned without any supervision, as it will be
outlined in the following. It should be noticed that the target sensors set the initial
condition for two cells each, to balance the number of cells set by the obstacle
sensors.

7.3.2 The perception block

Characteristics of the whole perceptual process are:

• ability to represent different environment situations as internal states;
• ability to connect a specific action to each internal state;
• ability to plastically modify these associations thanks to the experience.
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Fig. 7.2 a. Position and function of the sensors on the robot. b. Initialization of the CNN first layer
cells. The corner cells are set by obstacle stimuli (Front, Left, Right and Back obstacle distance
sensors), while the central cells are set by target stimuli (O,T represent orientation sensor and
target-distance detector, respectively).

Internal states are here used to implement the perceptual classes of action-oriented
perception. They are the core of the perceptual process since they link sensing to
action. They, on the one hand, are the result of the dynamic processing of incoming
input stimuli and, on the other hand, represent different ways to interact with the
environment. To meet these tasks, it is recommendable to use a dynamical system to
generate the internal states. In this chapter we use a RD-CNN [18, 24] as dynamical
system and consider Turing patterns [37, 25] as internal states. In particular we use
a two-layer 4× 4 RD-CNN (with zero-flux boundary conditions) with appropriate
parameters to generate Turing patterns (See Appendix I for details). Each cell (i, j)
of the two-layer RD-CNN is represented by two state variables (x1;i, j for the first
layer and x2;i, j for the second layer with i, j = 1, ..,4).
The output of each SN sets the initial conditions for the first layer state variable
for one or a few cells of the whole CNN (Fig. 7.2b). The single cell (i, j) of the
RD-CNN used here is described by the following model:

ẋ1;i, j =−x1;i, j +(1+ µ + ε)y1;i, j− sy2;i, j +D1∇2x1;i, j

ẋ2;i, j =−x2;i, j + sy1;i, j +(1+ µ− ε)y2;i, j +D2∇2x2;i, j

yh;i, j = 1
2 (|xh;i, j +1|− |xh;i, j−1|) h = 1,2

(7.1)

where yh;i, j (h = 1,2) is the output of the layer h of the cell (i, j). Now let us consider
the system in the linear region containing the origin (i.e. the two state variables must
have modulus smaller than one). Here it holds y = x, and:
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ẋ1;i, j = (µ + ε)x1;i, j− sx2;i, j +D1∇2x1;i, j

ẋ2;i, j = sx1;i, j +(µ− ε)x2;i, j +D2∇2x2;i, j
(7.2)

Dividing by D1 and defining t∗ = tD1, γ = 1
D1

and d = D2
D1

:

∂x1;i, j(t
∗)

∂ t∗ = γ [(µ + ε)x1;i, j(t∗)− sx2;i, j(t∗)]+∇2x1;i, j(t∗)

∂x2;i, j(t
∗)

∂ t∗ = γ [sx1;i, j(t∗)+(µ− ε)x2;i, j(t∗)]+d∇2x2;i, j(t∗)

(7.3)

In relation to this RD-CNN architecture, the conditions to obtain Turing patterns
(See Appendix I for details) are written as:





µ < 0
µ2 + s2 > ε2

ε >−µ d+1
d−1

[d(µ+ε)+(µ−ε)]2

4d > µ2− ε2 + s2

(7.4)

To obtain the emergence of Turing patterns, it is necessary that some of the modes,
related to the chosen geometry, are within the “Band of unstable modes” (Bu). Spa-
tial eigenvalues (and their correlated spatial modes) depend only on the topology of
the CNN and on the boundary conditions.
Now let us analyze how initial conditions influence the emergence of patterns. We

Fig. 7.3 Dispersion curve for µ =−0.7,ε = 1.1,s = 0.9,d = 300 and for different values of γ (See
Appendix I for details).

have chosen the parameters µ = −0.7,ε = 1.1,s = 0.9, and d = 300 to satisfy the
Turing conditions (7.4) and shape appropriately the dispersion curve and therefore
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Bu (Fig. 7.3). For the chosen geometry and parameters, spatial eigenvalues k2
i, j are:

k2
i, j =




0 0.62 2.47 5.55
0.62 1.23 3.08 6.17
2.47 3.08 4.93 8.02
5.55 6.17 8.02 11.10


 (7.5)

while the related eigenfunctions are shown in Fig. 7.4. To complete linear analysis
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Fig. 7.4 Eigenfunctions related to the spatial eigenvalues. The arrows indicate the ones that will
compete for Turing patterns generation for the chosen parameter and γ = 5.

on the RD-CNN generating Turing patterns, the last parameter to choose is γ . Set-
ting γ = 5, the dispersion curve shows three modes within the Bu, two associated
with the spatial eigenvalues k2

1,2 = k2
2,1 = 0.62 and one related to the spatial eigen-

value k2
i, j = 1.23. The first two modes have a real part much bigger than the other

one; so prevalent modes will be the ones associated with the eigenvalue 0.62.
Of course, the decomposition in eigenvalues and eigenfunctions provides results
which hold as far as all the state variables remain within their linear subspace around
the origin. As soon as one of them leaves the region, nonlinear competition arises,
and new modes can suppress those ones predicted by linear analysis. Therefore, to
verify if the considerations drawn from linear theory can be extended to the nonlin-
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ear system (7.3), we performed a numerical simulation setting the initial conditions
as follows:

• each of the first-layer cell (x1 variable) is initialized with x1 = −3,0,3. These
values correspond, respectively, to negative saturation, linear region and positive
saturation in (7.3);

• each of the second-layer cell (x2 variable) is set to a random value close to zero
(within the range [−0.005,0.005]).

Since we simulated a 4× 4 RD-CNN and set three values for every first-layer cell,
the complete simulation requires 316 = 43046721 trials. To reduce the computa-
tional effort, we considered only a random set of 5000 out of all the possible com-
binations of the initial conditions of the variables x1. In our implementation we
considered the steady-state patterns represented by the first layer output. In order to
further simplify the analysis of the simulation results, we associated a simple integer
code with each emerged Turing pattern:

1. the first-layer cell is enumerated from 1 to 16 starting from the high-left corner
according to the formula c(i, j) = 4∗ (i−1)+( j−1)

2. a symbolic value ysimb,c is associated with each cell c as follows:

• if the cell output is y1,c =−1 then ysymb,c = 0
• if the cell output is y1,c = 1 then ysymb,c = 1

3. an integer code is associated with the steady-state pattern:

code = ∑
c

ysymb,c2c (7.6)

During the simulation, the code of the steady-state pattern was stored after each
trial in order to analyze the frequency distributions of the Turing patterns emerged.
In spite of the large number of trials and the remarkable differences in the initial
conditions, only four Turing patterns have emerged with more or less the same fre-
quency (about 25%) as shown in Tab. 7.1.

Table 7.1 Frequency distribution of the stabilized patterns during the simulation

Pattern code Frequency Distribution
255 25.5%

13107 25.1%
52428 23.4%
65280 26.0%

As Fig. 7.4 shows, patterns are symmetric in pairs and it should be noticed that all
the patterns are associated with the two eigenfunctions related to the spatial eigen-
value 0.62 (Fig. 7.5).
We hypothesized that initializing corner cells (i.e. cells (1,1), (1,4), (4,1), (4,4))
has a higher influence on the pattern emergence than setting the initial conditions
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Fig. 7.5 Most frequently emerged patterns with µ = −0.7,ε = 1.1,s = 0.9,d = 300 and γ = 5
during the simulation.

for the other cells. In fact, unlike the other cells, which have four neighbor-cells,
the corner cells have only two neighbor-cells, while the two missing are replaced by
two virtual cells, whose state variables are set by boundary conditions. Such virtual
cells, according to zero-flux boundary conditions, have the same state variables as
the related corner cells (to annihilate the flux). Consequently corner cells present
are able to strongly influence the neighbor-cells and so to control the pattern gener-
ation. To verify this hypothesis a further simulation was performed. We repeated the
simulation by analyzing only four subsets of all the possible permutations of initial
conditions:

• Subset 1: x1;1,1 = 3, x1;1,4 =−3, x1;4,1 = 3, x1;4,4 =−3, others =−3,0,3;
• Subset 2: x1;1,1 =−3, x1;1,4 = 3, x1;4,1 =−3, x1;4,4 = 3, others =−3,0,3;
• Subset 3: x1;1,1 =−3, x1;1,4 =−3, x1;4,1 = 3, x1;4,4 = 3, others =−3,0,3;
• Subset 4: x1;1,1 = 3, x1;1,4 = 3, x1;4,1 =−3, x1;4,4 =−3, others =−3,0,3;

The frequency distributions of such simulations show that, in most cases, the corner
cells values fixed in Subset1 determinate the emergence of a unique pattern, namely
13107, independently from the initial conditions chosen for the others cells. The
same happens in Subset2 with the pattern 52428, in Subset3 with the pattern 65280
and in Subset4 with the pattern 255 (Fig. 7.6). These results are due to the symmetry
of the RD-CNN used.
Therefore, with the chosen parameters, the outcomes of linear theory can be ex-
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Fig. 7.6 Pattern frequency distribution for the set of initial conditions named Subset1, Subset2,
Subset3, Subset4.

tended to the nonlinear case of 4×4 RD-CNN. Furthermore, the pattern formation
control via the initial conditions of corner cells has revealed to be very effective.
Nevertheless, one of the aims of the perceptual architecture is to associate to each
pattern a perceptual state. Thus, in some cases, it could be useful to have a large
number of Turing patterns, although the validity of linear theory could be no longer
guaranteed in relation to nonlinear case, and pattern control is less selective. There-
fore, a compromise between the number of different patterns and easiness to control
them by the dispersion curve has to be found. The number of Turing pattern can be
modified tuning the parameter γ because, by increasing such parameter (Fig. 7.3),
the band of unstable modes increases, and consequently a higher number of possi-
ble modes can be selected. In this way, a stronger competition between the allowed
modes is triggered to generate patterns.
For example, using a 4×4 RD-CNN for the perceptual core and setting γ = 20, the
dispersion curve selects 12 unstable modes (Fig. 7.7).
To better understand how initial conditions influence the pattern emergence, we

have set to zero the initial conditions for all the first layer cells except the top-right
corner (C(1,4)) and bottom-left (C(4,1)) corner cells, whose initial conditions have
been varied in [−1,1] range. The second layer cells are set to random values in the
range [−0.005,0.005]. Fig. 7.8 shows the geometries of the basins of attraction for
the 39 emerged patterns (represented by the different colors), obtained by varying
the initial conditions for the two cells above-mentioned. It should be noticed that, in
small region at the boundary of two adjacent basins of attraction, the strong compe-
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Fig. 7.7 Dispersion curve with γ = 20: spatial eigenvalues of a square domain (4× 4 cells) are
indicated with crosses on x-axis when the associated temporal eigenvalue is positive, i.e. generates
one or more unstable modes. The filled circle on the x-axis and the double indication of the value
point out that the associated eigenvalue has multiplicity 2.

tition between the two patterns can lead to a different pattern (Fig. 7.8).
Moreover, patterns tend to distribute so that the basins of attraction for complemen-
tary configurations are symmetric with respect to the origin (0,0).
Such results led us to associate the initial conditions of each corner cell in the first
layer with an obstacle distance sensor, to give higher priority to the obstacle avoid-
ance task. Each of the other two sensors, i.e. those relative to targets, initializes two
central cells (Fig. 7.2.b). The cells of the first layer not connected to a sensor are
initially set to 0, while all the cells of the second layer are set to random values in
the range [−0.005,0.005].
After completing the design of the CNN for the perceptual pattern generation, in the
following the details of the algorithm are reported. At each iteration we reset the
CNN, initialize its cells again according to the current sensor outputs, and let the
CNN evolve towards a steady-state Turing pattern. Each pattern has its own code,
which is stored in the pattern vector (if it is not yet present) when the pattern emerges
for the first time. Each element of the pattern vector contains the pattern code and
the number of iterations from its last occurrence (defined as occurrence lag). If the
pattern vector is full, the new element will overwrite that one containing the code of
the pattern least recently used (LRU), i.e. that one with the highest occurrence lag
value.
The use of the steady states of a dynamical system implies a form of sensor fusion,
i.e. we synthesize lots of sensorial information into a single attractor. It is to be
noticed that, although we used only distance and orientation sensors, other differ-
ent kinds of sensors can be chosen. At each iteration, the information coming from
sensors is fused to form a unique coherent internal state implemented by a Turing
pattern.
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Fig. 7.8 Basins of attraction for the 39 patterns emerged varying initial conditions for top-right
corner cell (x-axis) and bottom-left corner cell (y-axis) in the range [−1,1].

7.3.3 The Action Selection Network and the DRF block

The action selection network (Fig. 7.9) establishes the association between each
element q of the pattern vector and an action Aq. An action consists of two elements,
the module and the phase of the simulated robot movement:

action = (module, phase) (7.7)

The module and phase of an action determine, respectively, the translational step
and the rotation to be performed by the robot. Each element q of the pattern vector
is therefore connected to two weights, wq,m and wq,p, representing, respectively,
module and phase of the action Aq associated with q. Such an association is plastic
thanks to a reinforcement learning implemented by a MM-like [31] algorithm based
on a Reward Function (RF) for the evaluation of the action fitness. On the basis
of the associative learning and of the traditional MM algorithm, we determine the
quality of an action by means of a reward function (RF) chosen in a task-dependent
way. In a random foraging task, a suitable choice for the RF is:
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RF =−∑
i

ki

D2
i

−hD ·DT −hA · |φT | (7.8)

where Di is the distance between the robot and the obstacle detected by the sensor i,
DT is the target-robot distance, ΦT is the angle between the direction of the longi-
tudinal axis of the robot and the direction connecting robot and target, and ki, hD ed
hA are appropriate positive constants determined in a design phase. The RF summa-
rizes in a single value information about the obstacle/target distance and the robot
orientation towards the target. The learning algorithm is designed in order to max-
imize the RF: small absolute values in (7.8) indicate good situations for the robot.
To evaluate an action performed at the time-step t, the simulated robot exploits the
variation of the RF: DRF(t) = RF(t)−RF(t− 1). A positive (negative) value for
DRF indicates a successful (unsuccessful) action. Successful actions are followed
by reinforcements, like in the experiments of [36, 33] (see Appendix II for details).

Fig. 7.9 Representation layer divided into its functional blocks: Preprocessing, Perception, Action
Selection Network (Action in the figure) and Memory, a block (DRF) with the purpose of evaluating
the goodness of performed actions, and a block (S) which manages the memory, reinforcing valid
sequences and weakening misleading ones.
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Fig. 7.10 Initial conditions of SNs activation functions

7.3.4 Unsupervised learning in the preprocessing block

Particular emphasis has been given to the concept of action-oriented perception. A
central role in this sense is played by the effect of the RF on the SNs. In fact, SNs
have to plastically transform the environmental stimuli into initial conditions for the
“best matching” Turing pattern which will emerge and will drive the following ac-
tion. Therefore, after a learning process, SNs should be able to associate, for each
particular environmental stimulus, the Turing pattern whose associated action best
match the robot behavior. A choice for the SNs activation function consists in an
increasing function, although, of course, other shapes could be used. Such a func-
tion is made up of ten variable amplitude steps, θi (1 ≤ i ≤ 10), covering the input
range [−1,1]. The amplitude of each step is determined through the RF. Initially all
the steps have zero amplitude (Fig. 7.10). At each time step, if the performed action
has positive effects (DRF > 0), then the step amplitude does not change. Otherwise,
when the action is negative, the purpose is to change the pattern by changing the
configuration of the basins of attraction: the step amplitudes are modified in a ran-
dom way, because we do not know a priori the direction towards which we should
go. Nevertheless, the random search for optimal amplitude for the steps is very ef-
fective, in the sense that the learning process has the role to continuously modify the
step amplitudes to modulate the basins of attraction for Turing patterns. The result
is a suitable clustering of the sensorial stimuli, by means of the basins of attraction,
able to associate different sensor configurations with patterns that can be associated
with positive actions in the operative conditions of the robot. More in detail, if the
action associated with the currently emerged pattern is unsuccessful (i.e. DRF < 0),
then the learning algorithm for each SN acts as follows:

• determine the step amplitude θi related to the SN current input value;
• extract a number rnd from a zero-mean, uniformly distributed random variable

r;
• if rnd is positive, the ten step amplitudes θ j are modified as:
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{
θ j(new) = θ j(old) i f j < i
θ j(new) = θ j(old)+ rnd i f j ≥ i

(7.9)

• instead, if rnd is negative:
{

θ j(new) = θ j(old)−|rnd| i f j ≤ i
θ j(new) = θ j(old) i f j > i

(7.10)

An example is shown in the following. Let a neuron have initially the activation
function of Fig. 7.10 and suppose that the output of the related sensor (e.g. that of
an obstacle distance) is equal to 0.3. If the DRF associated with the emerged pattern
is negative, then the learning algorithm acts as follows:

• extract a number rnd from a zero-mean, uniform distributed random variable r;
• if rnd is positive, the activation function of the considered neuron is modified as

reported in Fig. 7.11a, where the step added amplitude is equal to rnd;
• if rnd is negative, the activation function of the considered neuron is modified as

reported in Fig. 7.11b, where the amplitude of the added negative step is equal to
the absolute value of rnd;

To guarantee the convergence of step amplitude, the variable r varies in the range
[-h,h] where h, initially set to 0.5, decreases with an aging coefficient:

h(new) = 0.999h(old) (7.11)

In the developed Representation layer, perception is then a dynamical process: sim-
ilar sets of sensorial inputs are dynamically translated into the same pattern as long
as this pattern does reflect an action which is really an adequate response to the
received stimulus (leading to an increase in RF value). So the association between
sensorial stimuli and Turing patterns is not static: it is dynamically tuned accord-
ing to the most recent studies and related hypothesis in neurobiology [16, 17]. Such
researches outline that the same stimulus, presented in different times, triggers dif-
ferent actions. In fact, the individual history, i.e. the experience, as well as context,
continuously modulate the basins of attraction in the dynamical state space of the
brain.

7.3.5 The memory block

The low level control layer, made-up of the preprocessing block, the perception
block and the Action Selection Network, implements the reactive/adaptive layer of
the simulated robot, as outlined in the introduction. In addition to the low level
control layer, we introduced a higher level layer: the contextual one. We took inspi-
ration from the Neisser theory of the Perceptual Cycle [26], according to which the
scheme (modelled as the sequence of patterns) guides exploration, and in the mean
time creates expectations on the exploration itself. If expectations are not matched,
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Fig. 7.11 Activation function of a SN which receives a sensorial stimulus equal to 0.3 and con-
tributes to the emergence of a pattern triggering a negative action. The amplitude step related to
the input is θ7 since it covers the [0.2,0.4] input range. The function is modified depending on the
sign of a number, rnd, extracted from a zero-mean, uniformly distributed variable. If the number
is positive, changes lead to the situation a). Otherwise, if the number is negative, changes lead to
the situation b).

the schema is modified to take into account the lack of accuracy of previously stored
information. The contextual layer is therefore designed to store environmental cog-
nitive maps created by the robot and those perceptual schemes which, in known sit-
uations, have revealed to be successful. It is worth noting that the reactive/adaptive
layer is itself sufficient to make the robot able to avoid obstacles and find targets in
its environment. The contextual layer is a further aid because it allows the robot to
bear past experience in mind and speed-up the achievement of targets in the case of
static environment. In more details, the contextual layer contains a short term mem-
ory (STM) to store the sequence of the last 20 emerged patterns and the relative
sensing outputs which led to the emergence of those patterns. Environmental states
are stored by mean of “objects”: the robot creates a cognitive map in which, for each
sensor, it stores the distance from the closest sensed obstacle and an attribute dis-
tinguishing different obstacles. Such an attribute (for instance the color) allows the
robot to recognize single objects and to create a cognitive map associated with the
relative position of objects [23]. Object attributes are very effective to be extracted
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in real time, in view of the use of visual microprocessors, like CNNs, able to extract
in real time many different object characteristics. When the robot reaches a target,
the successful sequence of patterns (reflecting the sequence of environmental situ-
ations the robot navigated through) is promoted to the long term memory (LTM).
This sequence of patterns is associated with a parameter (valid in Fig. 7.9), repre-
senting the degree of reliability the robot gives to the sequence itself.
At each iteration, the current positions of the objects are matched with the positions
stored in the LTM. When the best matching element of the LTM differs from the
current position less then 50%, the robot will try to follow the sequence of stored
patterns. In the case it reaches the target, the degree of reliability of the sequence
will be increased. Otherwise, if the sequence does not lead to a target (or even worse
if it causes an impact with an obstacle) the valid parameter (reliability of that se-
quence) is reduced. Under a certain threshold for valid, the sequence is considered
useless and its location is cleared for a new sequence. In Fig. 7.9, these operations
are managed by the block S.

Fig. 7.12 a. Learning environment: for each real target also the region in which it is visible for the
robot is reported. b. Environment of the third phase of the experimental protocol.
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7.4 Strategy implementation and Results

The simulated environment, where the robot is placed, is made-up of obstacles,
walls (considered as obstacles too) and targets. When the robot finds a target, this
is disabled and no longer sensed by the robot, even if the target is within the robot
detection range. It is enabled again when the robot finds another target, which is
in turn disabled. This mechanism allows the robot to visit different targets. The

Fig. 7.13 Mean number of new patterns per cycle during the learning phase. Each reported value
represents an interval of 5 cycles.

simulated experiment is made up of three phases:

1. Learning. The robot is placed into a training environment (Fig. 7.12a). During the
learning phase the robot plastically adapts, through the modulation of the SN ac-
tivation functions, the geometry of the basins of attraction for the Turing patterns
in the CNN. This leads to suitably associate patterns with actions as a function
of the environment. Reinforcement learning is used for this aim: actions, initially
randomly chosen, are then associated with particular patterns to maximize the
RF.

2. Test in the same environment as in the learning phase. In this phase the robot
moves in the same environment where it learned to interact during the learning
phase, but it no longer performs random actions.

3. Test in an unknown environment. The robot is placed into a new environment. It
should be able to cope with additional obstacles (Fig. 7.12b). The task is much
more difficult than in the two previous phases: to reach the targets, the robot has
to pass among obstacles very close to each other.
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First we analyze results obtained using only the low level control layer. Afterwards,
we will highlight the added value of the contextual layer. To evaluate the perfor-
mance in different cases we use the following parameters:

• Nsteps: mean number of steps between two successive target achievements (cy-
cles);

• Pnew: mean number of new patterns per cycle.

The learning phase has to perform three main tasks:

1. determine a suitable set of Turing patterns, each one emerging in response to a
different environment state;

2. modulate the basins of attraction for each pattern by tuning the amplitude step of
the SNs activation function;

3. associate a suitable action with each Turing pattern.

To perform task 3, it is necessary that the pattern occurs several times, since the
robot learns by trial and error. Initially each new pattern is associated with a ran-
dom action, but starting from the following emergence of such a pattern, the action
selection network tunes the weights in order to optimize the action associated. It is
also desirable that new patterns occur only during the first learning cycles. In Fig.
7.13 we report a parameter related to the Pnew during the learning phase. To limit
the effects of the uncertainty introduced by the random actions, which could lead to
high oscillations in the number of new patterns, we have chosen to divide the x-axis
into intervals of 5 cycles each, and reported the mean number of new patterns per
cycle for each interval.
To guarantee the convergence of the algorithm, learning cannot be considered ended
while new patterns continue to emerge with a certain frequency. Therefore, in the
reported simulation, although only less than 1 new pattern per 10 cycles appear after
200 cycles, we have chosen to stop the learning phase after 1000 cycles to let the
robot find appropriate actions for each pattern. Once ended the training phase, the

Table 7.2 A comparison between performance parameters in the different considered cases.

ph.2 no cont. ph.2 + cont. ph.3 no cont. ph.3 + cont.

Nsteps 97.2 92.7 176.0 135.0
Pnew 0.013 0 0.026 0.015

robot learned the amplitudes of the steps for the SNs. Fig. 7.14 shows the activation
functions of the SNs connected to the four obstacle-distance sensors and the two
target sensors. The different amplitude steps associated with each neuron represent
different scaling coefficients for the basins of attraction for the emerging patterns.
To show the result of the basins of attraction modulation, Fig. 7.15 represents the
15 new basins of attraction for the emerging patterns, result of the variation of the
only two SNs inputs, two obstacle-distance sensors. A comparison between Fig. 7.8
and Fig. 7.15 shows that the number of basins is tightly decreased from 39, before
learning, to 15, after learning. Such a reduction in the number of patterns and their
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Fig. 7.14 Activation functions of the SNs connected to all the sensors. The first two rows show
activation functions related to obstacle-distance sensors: front (F), right (R), left (L) and back (B).
The third row contains the activation functions of target-distance sensor (T) and orientation sensor
(O).

basins of attraction modulation are the result of the unsupervised learning in the
preprocessing block performed in order to:

• cluster the Turing pattern into a meaningful set of non-redundant internal states;
• adapt the internal states (shape of basins of attraction) to the behavioral needs of

the robot.

Once fixed the amplitude steps, the robot can refine the actions associated with the
emerging patterns. The result of this learning is shown in Fig. 7.16, which reports the
actions defined after this learning phase. The presence of similar actions emerged is
useful to obtain more refined trajectories.
Now we investigate about the possible improvement brought by the use of the con-
textual layer. In Table 7.2 we report the value of Nsteps and Pnew for four different
considered cases: namely phase 2 and 3, both with and without the contextual layer.
It is worth noting that there is a consistent difference in the number of steps between
the second and the third phase. This is because, during the third phase, the robot has
to move in a more complicated environment. Another notable result is that in the
phase 2 there is not a meaningful difference between the Nsteps with and without the
contextual layer (about 97 and 93 steps). On the contrary such a layer causes a large
improvement in the phase 3 (Nsteps is reduced from 176 to 135). Therefore the con-
textual layer acquires an importance increasing with the difficulty of the developed
task. In an environment with few obstacles, the added complexity of the contextual
layer could not be compensated by the improvement it generates; in an environment
with lots of obstacles, where it is often required to worsen temporarily the RF for
target reaching, the contextual layer gives “self-confidence” by means of past suc-
cessful memories.
In all the four cases of Table 7.2 the very low values for the parameter Pnew, despite
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Fig. 7.15 Basins of attraction for the 15 patterns emerged varying in the range [−1,1] the SNs
input related to right (x-axis) and left (y-axis) distance-obstacle sensors. Initial conditions for upper
right-hand corner cell (C(1,4)) and lower left-hand corner cell (C(4,1)) are scaled according to the
step amplitude of the SNs activation functions.

the large number of possible Turing patterns, is a result of the convergence of the
learning processes and indicates the correct working of the implemented Represen-
tation layer. In Fig. 7.17, for the second phase, the trajectory of the robot and the
patterns which most frequently emerge during a cycle are shown.

Remarks

We proposed to consider perception as a dynamical process, as shown in the last
neurobiological research, not only for needs of biological plausibility. Indeed, rep-
resenting a wide and heterogeneous range of information in a compact way using
a spatial-temporal pattern allows the system to be able to generalize from specific
environmental situation. In this way a robot could successfully deal also with a dy-
namically changing environment, thanks to its intrinsic dynamical perceptual core.
Furthermore, unlike traditional computation techniques for sensor fusion, this ap-
proach avoids the drawback of a large computation time. The parallel processing
capabilities of CNNs are well known and allow to perform some tera-operations per



7 Complex systems and perception 353

Fig. 7.16 Actions associated with the emerging patterns after the learning at action selection net-
work layer. Blue points represent the movement performed by the robot starting from the origin.

Fig. 7.17 Trajectory of a sample cycle and most frequent emerged patterns. Thanks to the large
pattern number, the robot is able to follow a very smooth trajectory to avoid the obstacle and reach
the target.

second. Hence, this kind of sensor fusion is not time-consuming, once completed
the learning processes, which can be done off-line.
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Fig. 7.18 SPARK action-oriented perception framework.

7.5 SPARK Cognitive Architecture

In the previous part of the Chapter, an approach, based on non linear complex dy-
namics, was presented as a new way of face with perception problems. The model
was derived apart from any other possible pre or proto cognitive skills that could
have been acquired by the agent. In this way it was demonstrated that this kind of
approach is able to create representations of the environment, useful for deriving
complex yet environment dependent internal models, useful for attaining behaviors
that incrementally optimise a given reward function. In the following part of the
chapter, the approach will be enriched, considering the presence, within the agent,
of parallel sensory motor pathways, like those ones deeply investigated in the first
part of the book and referring to insect neurobiology.

The SPARK framework for action-oriented perception can be conceived as a hi-
erarchical structure where competitive and cooperative control layers coexist at the
same time (see Fig. 7.18). It can be divided into functional blocks, acting either at
the same layer (concurrent basic behaviors) or at different levels. In particular, at the
lowest level, there are the pre-cognitive behaviours, direct sensory-motor pathways
where the incoming stimuli trigger simple reflexes, without sophisticate process-
ing. Pre-cognitive behaviours are: cricket phonotaxis, i.e. the behaviour shown by
the female cricket to follow a particular sound chirp emitted by a male cricket (see
Chapter 3, Section 2.4); optomotor behaviour or the ability to correct the heading
by compensating the change in the visual field (see Chapter 3, Section 2.3); obstacle
avoidance capabilities based on contact sensor and antennae or on visual informa-
tion on the obstacles (see Chapter 2 for biological details). These are predefined
basic abilities that do not require any plasticity or adaptation: they are in some way
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genetically coded in the robot. Among the basic behaviours, it is possible to include
some other abilities that, although being mostly reflex-based, rely on simple pro-
cessing. These are the proto-cognitive behaviours such as the landmark navigation
and the homing abilities: they are not based on pre-wired connections and their level
of sensorial processing is more relevant than in the pre-cognitive behaviours. The
homing behaviour (see Chapter 3), in particular, is realised by many different insects
that adopt either local or global strategies or combination of the two. In robot case,
we will here demonstrate that this ability could be reached by learning which visual
cues are reliable landmarks as in the environment by means of STDP network and
then navigating through them by using a MMC network. This stores the distance be-
tween landmarks and between landmarks and home position and dynamically uses
and filters the input from partially obscured landmarks to guide the robot toward its
home. Building upon this layer of parallel pre-proto cognitive behaviors, a higher
level, the anticipatory layer, also called MB-model in Fig. 7.18, can be placed. In
insects, Mushroom Bodies (MB) are thought to be responsible for the ability to
create correlations between different sensory events forming secondary pathways
where one reflex (basic behaviour) can be triggered instead of the “usual” stimulus
by an anticipatory signal (see chapter 1 for biological details). These characteris-
tics are here modeled by means of temporal correlations between the sensory events
and referring to the theory of Classical Conditioning implemented through a Spike-
time dependent plasticity rule. The Representation layer is a higher level control
where the incoming sensory events are fused together to form an abstract and con-
cise representation (i.e. situation) of the environment. This is a kind of multimodal
sensory integrator which creates a representation of the surrounding environment
based on the whole sensory system. This layer was implemented exploiting the ca-
pabilities, already discussed of RD-CNN implementing Turing patterns. Here an
afferent (input) stage associates the current sensory events with the initial condi-
tions for the RD-CNN which forms a Turing pattern as steady state condition. The
Turing pattern takes the role of perceptual state of the system and represents the
current situation of the environment. A code is associated to the emerging pattern
for the modulation of the basic behaviours. Representations are therefore collected
in self organizing basins of attraction, for the emergence of “situation-related pat-
terns”. Two learning processes act both at the afferent and at the efferent layer of
the Representation layer in order to shape the basins of attraction geometry to op-
timize the association between sensation and Turing patterns and between Turing
patterns and action. Learning is guided by the motivation layer that consists in a
Reward Function (RF), designed according to the robot tasks, which defines the
degree of satisfaction of the robot. The RF, defined a priori, is a nonlinear, possi-
bly non convex function to be maximised. Furthermore, the planning ability can be
provided by the experience stored in a long-term memory: situations which led the
agent to successfully reach the task are chained, obtaining sequences. These are re-
called each time a stored situation represents. However, the memory block outlined
does not mean that all the functional memory skills are included. In fact, for ex-
ample homing, a proto-cognitive behaviour, is modelled with the Mean of Multiple
Computations (MMC) model (see Chapter 4 for details), which includes a recurrent
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neural network inside: this is clearly a memory system. This is also valid for other
structures, like, for example the augmented Walknet. The role assumed by Turing
patterns in RD-CNNs is no longer a motor action, but a modulation of the basic
behaviors. In such a way, while, during the first stages of the learning phase, the
robot activity is primarily based on the basic behaviors, the Representation layer
incrementally assumes the role of properly modulating the basic behaviors so as to
lead to the emergence of higher cognitive capabilities. The first experiments that
have already been carried out with real robots testify that just a simple linear mod-
ulation of the basic behaviors in space and in time, gives to the robot the capability
of escaping from local minima, unavoidable by using each single parallel pathways.
Therefore, in this augmented architecture, the functional role of the Pattern is ex-
actly that one of helping to create Representations upon reflex-based basic sensory
motor loops, implementing, in such a way, what schematically drawn by the in-
sect brain architecture in Chapter 1. The resulting motor commands are projected in
the pre-motor area, where they are transmitted to the actuators. According to the de-
fined strategy the robot can be driven by different combination of the control blocks:
e.g., by averaging the concurrent basic behaviors only or by enabling anticipation
between the sensors. Furthermore, the representation layer could either commands
the final action disabling the basic behaviors, as demonstrated in the previous sec-
tions, or modulating them. In fact, the codes associated to each pattern can either
define the action to be performed by the agent or modulates the level of activation
of each proto/pre-cognitive behaviour. In this way, for instance, such behaviours,
like predicting and compensating reafference, typical of the optomotor reflex when
phonotaxis is active, could therefore be autonomously learned at this stage. The as-
sociation pattern-action/modulation parameters reached by using a Reward Function
that takes into consideration a global degree of satisfaction, decided at the highest
layer, indicating the robot mission.

In the following part of the Chapter we will more concentrate on the behavior
modulation and on the new role of the representation layer. The blocks related to
memory and planning will not be further explored, referring to what mentioned in
the earlier part of the Chapter.

7.6 Behaviour modulation

As in insects, the proposed perceptual architecture is organized in various control
levels consisting of functional blocks acting either on the same level, as competi-
tors, or at distinct hierarchical levels. Parallel perceptual processes and vertical hi-
erarchy coexist allowing the robot to show basic skills as well as complex emerg-
ing behaviors. The representation layer, works as a nonlinear feedforward complex
loop, whose output is trained to combine the basic behaviors that are prewired and
give a baseline of knowledge to the system. The loop is finally closed through the
robot body and the environment. The control process can be divided into functional
blocks: at the lowest level, we place the parallel pathways representing the basic
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behaviors, each one triggered by a specific sensor; at a higher level we introduce
a representation layer that processes the sensory information in order to define the
final behavior. At each time t, the final action AF(t) performed by the robot consists
of:

• a variable turning movement (rotation)
• a fixed-length forward movement

7.6.1 Basic Behaviors

The basic behaviors here implemented are, as previously discussed: optomotor re-
flex, cricket phonotaxis and the ability to avoid obstacles, e.g. detected by the anten-
nae (for details see Chapter 1 and 2 referring to the biological principles and chapter
3 concerning biologically plausible implementation of the basic behaviours).
At each time step t, the optomotor reflex tries to compensate for the previously ex-
ecuted rotation, as occurs in crickets that try to compensate its leg asymmetry to
maintain the heading. Even if a detailed neural network was developed to carefully
model the neural control system for such behavior (see Chapter 3), in this case a
very simple rule was adopted consisting in:

Ao(t) =−AF(t−1) (7.12)

where Ao(t) is the rotation triggered by the optomotor reflex at the time step t and
AF(t−1) is the turn executed by the robot at the previous time step.
The obstacle avoidance behavior guides the robot in avoiding obstacles perceived
by distance sensors. It is implemented by a simplified version of the traditional
potential field [9]:

Aa(t) = (dF(t),dL(t),dR(t)) (7.13)

here Aa(t) is the rotation triggered by the obstacle avoidance and dF(t), dL(t), dR(t)
are the distances provided by the three distance sensors.
Finally, phonotaxis proposes a rotation, Ap(t), aiming to compensate for the phase
between the robot heading and the robot-target direction:

Ap(t) = fp(p(t)) (7.14)

where p(t) is the phase between the robot and the sound source. The function f p·,
used in this application, is a oversimplified version of the model for phonotaxis
behavior, reported in Chapter 3.
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7.6.2 Representation layer

Growing up from the basic behaviors, we consider as complex behavior the ability
to interpret “situations” in terms of robot-environment interaction (i.e. perception
for action). The robot perceives using its sensory apparatus and processes at a cog-
nitive level to optimize its behavior in relation to the mission assigned. The aim of
the Representation layer, the highest control level within the whole cognitive pro-
cess, is to transform different environmental situations into representations, which
determine the modulation of the basic behaviors. The architecture adopted for this
layer has been previously discussed in the Chapter, here the integration with the
whole architecture in terms of behaviour modulation is discussed.

The Selection Network that in the previous formulation of this layer was devoted
to select the final action, is now used to associate each element q of the pattern
vector with a set of three parameters (kq

o,k
q
a,k

q
p) that modulate the basic behaviours

(optomotor reflex, the obstacle avoidance and the phonotaxis, respectively). At the
first occurrence of the pattern q, these parameters are randomly chosen in the range
[0,1] with the constraint that:

kq
o + kq

a + kq
p = 1 (7.15)

Then, the parameters are modified under the effect of the learning process acting
at the efferent (i.e. output) stage of the Representation layer as explained in the
following.
After completed the learning process, at each time step t, once generated the Turing
pattern q(t), the corresponding modulation parameters are selected and the behavior
that emerges (i.e. the rotation) is the weighted sum of the actions suggested by the
basic behaviors at that time:

AF(t) = kq
o ·Ao(t)+ kq

a ·Aa(t)+ kq
p ·Ap(t) (7.16)

The Reward function is now considered as a combination of terms, each one
representing the degree of satisfaction related to the corresponding basic behavior i
where i = o,a, p:

RFo(t) = ro(|A(t−1)|)
RFa(t) = ∑i ·ri(eDi(t))
RFp(t) = rp(|p(t)|)

(7.17)

Here A(t) is the action performed at time t, Di(t) is the distance between the
robot and the obstacle detected by the sensor i (i = Front(F),Right(R),Le f t(L))
and p(t) is the phase between the robot orientation and direction robot-target.
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7.7 Behaviour modulation: simulation results

7.7.1 Simulation Setup

The software simulation environment, developed in C++, allows to create an arena
constituted by walls, obstacles and targets. In the arena a robot equipped with a
distributed sensory system can be simulated. The dimensions of the arena are 300×

Fig. 7.19 (a) Learning arena. (b) Testing arena: the numbers indicate the different position of the
target.

300 pixels: the learning and the test have been done with different configurations of
obstacles (Fig. 7.19). The simulated robot is equipped with three distance sensors,
and one target sensor providing the phase between the robot orientation and the
direction robot-target. The front side sensor detects obstacles within a limited range
of 40 pixels, while the other two obstacle sensors are oriented at −45◦ and 45◦ with
respect to the robot heading. All the sensors have a visual conus of [−30◦,30◦].
It is to be noticed that, for all the distance sensors, the output is saturated to the
limit of the detection range, so even if no obstacles are detected, the output of the
sensor would be 40 pixels for the front distance sensor, and 20 pixels for the other
two distance sensors. The target sensor has an unlimited range and provides the
angle between the robot orientation and the robot-target direction. All the sensor
outputs are scaled in the range [−1,1]. The component of the RF in Eq. (7.17) were
heuristically defined as:

• ro(t) =−AF(t−1)
• rF(t) =−· e−8(DF (t)+1)

• rL(t) =−· e−8(DL(t)+1)

• rR(t) =−· e−8(DR(t)+1)

• rp(t) =−|p(t)|
where DF(t), DR(t), DL(t) are the distances detected by the sensors F , R, L, while
p(t) is the angle between the robot heading and the direction robot-target and
AF(t − 1) is the rotation made by the robot in the time step t − 1. All the sen-
sors are normalized in the range [−1,1]. In the following simulations, the Reward
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Function is the weighted sum of three main contributions and the gain factor is
ho = 1,ha = 10,hp = 10 respectively for the optomotor, avoidance and targeting
components. In this way more importance is given to the contribution of the obsta-
cle information than to the target one, because the former is crucial to preserve the
robot integrity. In particular the output coming from the front side obstacle sensor
has the greatest weight in the RF . Through the definition of this reward function,
we give to the robot knowledge about the task to be fulfilled, but it has no a pri-
ori knowledge about the correct way to interact with the environment. So the phase
of the actions associated with each pattern is randomly initialized within the range
[−20◦,20◦].

7.7.2 Learning phase

As far as the simulated robot is concerned, the task assigned to the robot consists in
aiming a target avoiding obstacles. When the target is found, a new target appears in
a random position. The learning phase lasts until one of the two conditions occurs:

• the aq averaged on the last 1000 patterns drops below 0.0001;
• 5000 targets have been found.

At the beginning of the learning phase, the robot randomly modulates the basic
behaviors due to the random initialization of the modulation parameters kq

i (i =
a,o, p), which determine the robot heading. During the learning process, the Motor
Map-like algorithm corrects the parameters associated with each pattern. Fig. 7.20
shows the modulation parameters used in the first and in the last 30000 actions of a
typical simulation phase.

Fig. 7.20 (a)Modulation parameters used in the first 30000 movements. (b) Parameters used in the
last 30000 movements with the indication of the region associated with the pattern 9164 (i.e. the
most frequently emerged).
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7.7.3 Testing phase

The testing phase is made every 30000 actions and consists of 10 target findings
with the targets placed in different positions within the testing arena (Fig. 7.19).
To evaluate the benefit of the learning process, we match the result of the test with
the case of using constant modulation parameters or randomly chosen modulation
parameters.

The compared results are reported in Tab. 7.3: the learning process leads to a dra-

Table 7.3 Simulation Results in terms of Average Number of Actions and Average Number of
Collisions needed to find a target for Fixed, Random and Learned modulation parameters.

Fixed Random Learned
Average number of actions 166.8 176.3 28

Average number of collisions 95.4 40.7 5

matic reduction both in the average number of actions needed to reach a target and
in the average number of collisions, demonstrating the effectiveness of the control
architecture and its capability to generalize the representations. In particular, this
feature has been proven by performing the test in a scenario that is different from
the one used for the learning. Fig. 7.21 shows examples of trajectories followed dur-
ing the testing phase in case of fixed, random and learned modulation parameters,
further details are reported in [4].

7.8 Conclusions

The framework introduced in this chapter represents the first approach to model
action-oriented perception by means of nonlinear dynamical spatial-temporal sys-
tems, implemented through RD-CNNs showing Turing patterns. These ones are
used as “perceptual states”. They, as solution of a nonlinear PDE discretised in
space as a lattice, represent the abstract and concise nonlinear transformation of the
environment, hosted in the CNN through its initial conditions. This concise repre-
sentation of the sensors can be obtained in real time thanks to a possible and feasible
VLSI implementation of CNNs. Moreover, plasticity is added to the “front-end”, at
the level of the afferent layer (dealing with the sensors) and efferent layer (modulat-
ing actions). The capability of the perceptual scheme is enriched by the presence of
a contextual layer, able to further extract, from the emergence of patterns, a cogni-
tive map. This contributes to gain self-confidence through the exploitation of known
situations, above all in complex environment.
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Fig. 7.21 Trajectories in the testing arena in the case of constant (a), randomly chosen (b) and
learned (c) modulation parameters. The first two architectures (a-b) take a lot of time to reach the
target and suffer from many collisions. From the learned modulation parameters, a very straight-
forward, although safe, behavior emerges.

The approach, applied to navigation control in a roving robot, can be easily mi-
grated to other robotic platforms, redefining the basic behaviors, and other applica-
tions, redesigning the reward function. The approach is being actually applied to a
more complex structure, an hexapod robot (see Chapter 11), where the control ac-
tions are much more complex, and the basic behaviors include, for instance, not only
avoiding obstacles by turning, but also climbing over steps. In this case patterns can
indicate the particular scheme of leg motions, which should be applied in front of
particular environment conditions.

Appendix I
CNNs and Turing patterns

The classical CNN architecture, in the particular case where each cell is defined as
a nonlinear first order circuit, is shown in Fig. 7.22, in which ui j, yi j and xi j are
the input, the output and the state variable of the cell Ci j respectively; the cell non
linearity lies in the relation between the state and the output variables by the Piece
Wise Linear (PWL) equation (Fig. 7.22(c)):
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yi j = f (xi j) = 0.5 · (| xi j +1 | − | xi j−1 |)

Fig. 7.22 CNN architecture. (a) Scheme of a lattice of locally coupled systems. (b) circuit imple-
mentation of a single cell. (c) The cell non linearity ia a simple PWL

The CNN architecture is classically defined as a two-dimensional array of MxN
identical cells arranged in a rectangular grid, as depicted in Fig. 7.22(a). Each
cell (Fig. 7.22(b)) mutually interacts with its nearest neighbors by means of the
voltage controlled current sources Ixy(i, j;k, l) = A(i, j;k, l)ykl and Ixu(i, j;k, l) =
B(i, j;k, l)ukl . The coefficients A(i, j;k, l) and B(i, j;k, l) are known as the cloning
templates: if they are equal for each cell, they are called space-invariant templates
and take on constant values. The CNN is described by the state equations of all cells:

Cẋi j =− 1
Rx

xi j(t)+ ∑
C(r,s)∈Nσ (i, j)

A(i, j;r,s)yrs + ∑
C(r,s)∈Nσ (i, j)

B(i, j;r,s)urs + I

with 1≤ i≤M, 1≤ j ≤ N
where

Nσ (i, j) = {C(r,s) | max(| r− i |, | s− j |)≤ σ}
with

1≤ r ≤M, 1≤ s≤ N

is the σ −neighborhood and
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xi j(0) = xi j0; xi j0 ≤ 1; C > 0;Rx > 0.

The classical CNN structure can be easily generalized in many ways, leading to
the most complex CNN architecture: the so-called CNN Universal Machine (CN-
NUM) [30]. Basically, it consists of an electronic architecture in which the analog
CNN has been completed by digital logic sections. Here the term dual computing
has been introduced. In this architecture the templates play the role of the instruc-
tions of a CPU, i.e. the templates determine the task that the CNNUM processor
must accomplish. So, in the CNNUM, the programmability (i.e. the ability to change
the templates in order to execute the various steps of a dual algorithm) is a central
issue. The easy VLSI implementation [13, 14] is due to some key features of CNNs
with respect to traditional artificial neural systems. One of these, of course, is the
local connectivity, while another is the fact that the cells are mainly identical.
This advantage has permitted the development of many CNN real implementa-
tions [24]. From the previous considerations, the CNN paradigm is well suited to
describe locally interconnected, simple dynamical systems showing a lattice-like
structure. On the other hand, the emulation of PDE solutions requires the consider-
ation of the evolution time of each variable, its position in the lattice and its interac-
tions deriving from the space-distributed structure of the whole system.
Indeed, the numerical solution of PDEs always requires a spatial discretization, lead-
ing to the transformation of a PDE into a number of ODEs. Therefore the original
space-continuous system is mapped into an array of elementary, discrete interacting
systems, making the CNN paradigm a natural tool to emulate in real-time spatio-
temporal phenomena, such as those ones described by the solutions of PDEs. This
led to define a particular CNN architecture for emulating the Reaction-Diffusion
equations: the so-called Reaction-Diffusion CNN (RD-CNN) [12].
The spatial discretization and the template definition are the two main steps to ”elec-
tronically model” a PDE. Of course, it can be possible to start from the CNN, i.e.
to design a CNN able to generate spatio-temporal signals that behaviorally repre-
sent solutions typically shown by nonlinear PDEs. In such a way, once the suit-
able template set has been derived, the analytical solution of some particular, space-
discretized PDEs can be approximated by the CNN state equations. In the particular
case in which the single cell dynamics is represented by a neuron model, the CNN
architecture can be used as an efficient tool to study the emergence of complex phe-
nomena in locally connected neuron membranes. This approach was used in the
efficient implementation of Central Pattern Generators (CPGs) for biologically in-
spired walking machines, as reported in [15]. The advantage of this approach was
the possibility to explore and investigate both a simulation approach, and a reli-
able VLSI hardware implementation [6]. In this framework, the same cell structure
used for the generation of the CPG dynamics in an RD-CNN was used, via a rear-
rangement of the cell parameters, to show plateau membrane potentials. That cell,
if connected once again via diffusion coefficients within a neural lattice, gives rise
to an RD-CNN able to show, under some analytical conditions, discussed in the fol-
lowing, steady state dynamics corresponding to the so-called Turing patterns.
Turing’s theory [37] poses reaction-diffusion mechanisms at the basis of pattern
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formation, typical of many natural phenomena. In the perceptual architecture, we
consider the reaction-diffusion equation restricted to the case of two morphogens:

∂H
∂ t = F(H,K)+DH∇2H

∂K
∂ t = G(H,K)+DK∇2K

(7.18)

where F and G represent the nonlinear reactive terms while DH and DK are the diffu-
sion coefficients. According to Turing theory, in absence of diffusion (DH=DK=0),
H and K tend to a stable uniform state, but for some value of DH and DK a not-
homogeneous pattern emerges thanks to diffusion (diffusion-driven instability). The
reaction-diffusion equation can be rewritten using dimensionless variables as:

u̇ = γ f (u,v)+∇2u
v̇ = γg(u,v)+d∇2v

(7.19)

where d is the ratio DH/DK between the diffusion coefficients and γ is the strength
of the reactive term.
Now we will find out the positions to obtain Turing patterns considering fixed initial
conditions and zero-flux boundary conditions. Let us consider the system in absence
of diffusion:

u̇ = γ f (u,v)
v̇ = γg(u,v)

(7.20)

Linearizing around the stationary state (u0,v0) and posing:

w =

(
u−u0

v− v0

)
(7.21)

for small deviation from (u0,v0), the system becomes:

ẇ = γAw

A =

(
fu fv

gu gv

)

(u0,v0)

(7.22)

where hr = ∂h
∂ r (h = f ,g and r = u,v).

The solution of (7.22) has the form:

w(t) ∝ eΛ tw(0) (7.23)

where Λ = diag(λ1,λ2) and λ1,λ2 are the eigenvalues of A. Stationary state is lin-
early stable if Re(λ ) < 0 and consequently:

tr(A) = fu +gv < 0 (7.24)

|A|= fugv− fvgu < 0 (7.25)
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Now let us consider the whole linearized reaction-diffusion equation:

ẇ = γAw−D∆w, (7.26)

where:

D =

(
1 0
0 d

)
(7.27)

The evolution of each cell can be described by two differential equations so that, if
the domain is bi-dimensional and made up of M×N cells, the whole system can
be described by a system of 2M×N differential equations coupled by the diffusive
terms. To solve the system, we apply the method of partial differential equations
decomposition to obtain a M×N uncoupled systems, each one made up of two linear
first-order differential equations [18]. The solution of such a system is the weighted
sum of M×N space-dependent but time-independent equations, the eigenfunctions
W (x,y) of discrete Laplacian, such as:

∆W + k2W = 0, (7.28)

where k2 is a spatial eigenvalue. Assuming zero-flux boundary conditions and con-
sidering that, for each cell (x,y), it holds that 0≤ x≤M and 0≤ y≤ N, eigenfunc-
tions (or possible spatial modes) are:

Wm,n = cos mπx
M cos nπy

N , x,y ∈ N (7.29)

Related spatial eigenvalues are:

k2 = π2( m2

M2 + n2

N2 ) (7.30)

So, spatial eigenvalues depend only on the topology of the system (M,N) and on the
boundary conditions, not on the time evolution. Let Wk(x,y) be the eigenfunction
related to eigenvalue k2. Since the (7.22) is linear, it is possible to find its solution
in the form:

w(r, t) = ∑k ckeλ tWk(x,y) (7.31)

where ck are constants which can be found out from initial conditions and λ is the
temporal eigenvalue. Substituting (7.25) into (7.22), we can determine the temporal
eigenvalues from:

|λ I− γA+Dk2|= 0 (7.32)

and substituting A and D with the related definitions:

λ 2 +λ [k2(1+d)− γ( fu +gv)]+h(k2) = 0 (7.33)

with:
h(k2) = dk4− γ(d fu +gv)k2 + γ2|A| (7.34)



7 Complex systems and perception 367

and consequently the equation which links temporal eigenvalues to spatial eigenval-
ues is:

λ1,2 = 1
2{−k2(1+d)+ γ( fu +gv)±

√
[k2(1+d)− γ( fu +gv)]2−4h(k2)}

(7.35)
To have Turing patterns it is necessary that the homogenous stationary state is unsta-
ble in presence of diffusion: therefore at least one of the two temporal eigenvalues
must have positive real part. To meet this condition, recalling (7.24) and taking into
consideration that d > 0, the bias of (7.33), h(k2), must be negative for some value
of k2 and consequently: {

d fu +gv > 0
min(h(k2)) < 0

(7.36)

Once satisfied conditions (7.24) and (7.36), h(k2) will be negative for a range of the
eigenvalues:

k2
1 < k2 < k2

2 (7.37)

Such a relation represents the so called “Band of unstable modes” (Bu). In our
framework these conditions are rewritten as reported in (7.4). Since we have consid-
ered a limited discrete domain M×N, the number of eigenvalues is limited. So for
emergence of Turing pattern, at least one of the eigenvalues must verify equation
(7.37). From equation (7.35), the relation specifying the real part of the temporal
eigenvalues is called dispersion curve:

Re(λ ) = 1
2 Re{−k2(1+d)+ γ( fu +gv)±

√
[k2(1+d)− γ( fu +gv)]2−4h(k2)}

(7.38)

From equation (7.31) it is evident that, during the time evolution, prevailing eigen-
functions will be the ones related to the positive eigenvalues (λ (k2) > 0). The final
pattern will tightly depends on initial conditions because these latter determine the
mode excitation strength. Since we have chosen random initial conditions, all the
modes are excited meanly with the same strength so the mode related to the eigen-
value with the highest real part should prevail. Nevertheless, this is true only for
the linearized system and the effect of nonlinearity could lead to Turing patterns
resulting from the competition among different modes. To study in this condition
which modes contribute to the emerging Turing pattern, we have performed numer-
ical simulations, shown in Section II.

Appendix II
From Motor Maps to the Action Selection Network

The importance of topology-preserving maps in the brain relies on both the repre-
sentation of sensory input signals and the ability to perform an action in response to
a given stimulus. Neurons in the brain are organized in local assemblies mainly con-
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stituting two-dimensional layers in which the locations of the excitation are mapped
referring to motor areas into movements. Topology-preserving structures able to
classify input signals inspired the paradigm of Kohonen Networks [21]. These arti-
ficial neural networks formalize the self-organizing process in which a topographic
map is created. Neighboring neurons are thus excited by similar inputs. An exten-
sion of these neural structures is represented by Motor Maps [29, 31]. These are
networks able to react to localized excitation by triggering a movement (like the
motor cortex or the superior colliculus in the brain). To this end, motor maps, unlike
Kohonen’s networks, should include storage of an output specific to each neuron
site. This is achieved by considering two layers: one devoted to the storage of input
weights and one devoted to output weights. The plastic characteristics of the input
layer should also be preserved in the assignment of output values, so the learning
phase deals with updating both the input and the output weights. This allows the
map to perform tasks such as motor control. These considerations led to the idea of
using MMs as adaptive self-organizing controllers. Formally, a MM can be defined
as an array of neurons mapping the space of the input V patterns onto the space of
the output actions:

Φ : V →U (7.39)

The learning algorithm is the key to obtain a spatial arrangement of both the input
and output weight values of the map. This is achieved by considering an extension
of the winner-take-all algorithm. At each learning step, when a pattern is given as
input, the winner neuron is identified: this is the neuron which best matches the in-
put pattern. Then, a neighborhood of the winner neuron is considered and an update
involving both the input and output weights for neurons belonging to this neighbor-
hood is performed.
The unsupervised learning algorithm for the MM can be described in the following
five steps:

1. The topology of the network is established. The number of neurons is chosen
and a Reward Function is established. The number of neurons needed for a given
task is chosen by a trial-and-error strategy. Thus once numerical results indicate
that the number of neurons is too low, one must return to this step and modify the
dimensions of the map. At this step the weights of the map are randomly fixed.

2. An input pattern is presented and the neuron whose input weight best matches it
is established as the winner according to the winner-take-all algorithm.

3. Let q be the winner neuron: its output weight is used to perform the control action
Aq. This weight is not used directly, but a random variable is added to guarantee
a random search for possible solutions, as follows:

Aq = wq,out +aqλ (7.40)

where wq,out is the output weight of the winner neuron q, aq is a parameter deter-
mining the mean value of the search step for the neuron q, and λ is a Gaussian
random variable with a zero mean. Then the increase DRF in the Reward Func-
tion is computed and, if this value exceeds the average increase bq gained at the
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neuron q, weight update (step 4) is performed; otherwise this step is skipped. The
mean increase in the reward function is updated as follows:

bq(new) = bq(old)+ρ(DRF−bq(old)) (7.41)

where ρ is a positive value. Moreover, aq is decreased as more experience is
gained (this holds for the winner neuron and for the neighboring neurons), ac-
cording to the following rule:

ai(new) = ai(old)+ηaξa(a−ai(old)) (7.42)

where i indicates the generic neuron to be updated (the winner and its neighbors),
a is a threshold the search step should converge to, and ηa is the learning rate,
while ξa takes into account the fact that the parameters of the neurons to be
updated are varied by different amounts, defining the extent and the shape of the
neighborhood.

4. If DRF > bq, the weights of the winner neuron and those of its neighbors are
updated following the rule:

{
wi,in(new) = wi,in(old)+ηξ (v−wi,in(old))
wi,out(new) = wi,out(old)+ηξ (A−wi,out(old))

(7.43)

where η is the learning rate, ξ , v, win, and wout are the neighborhood function,
the input pattern, the input weights and the output weights, respectively. The sub-
script takes into account the neighborhood of the winner neuron. In supervised
learning A is the target, otherwise it is varied, as discussed above (7.40).

5. Steps 2) to 4) are repeated. If one wishes to preserve a residual plasticity for a
later re-adaptation, by choosing a 6= 0 in step 3), the learning is always active and
so steps 2) and 4) are always repeated. Otherwise, by setting a = 0, the learning
phase stops when the weights converge.

A MM, though very efficient for the learning, could be difficult to be implemented in
hardware because of the high number of afferent and efferent weights. In this chap-
ter, in view of a possible physical realization of the developed perceptual system, we
designed and used a simplified version of the original MM. The first fundamental
difference from MM is that the afferent layer has been eliminated: the winner neu-
ron is replaced by the element of the pattern vector which contains the last emerged
pattern. Moreover the efferent layer is now constituted by two weights for each ele-
ment of the pattern vector. The element q is connected to the weights wq,m and wq,p,
which represent respectively module and phase of the action Aq associated with q.
At each step, the robot does not perform the exact action suggested by the weights
of q (wq,m and wq,p), but the action:

Aq = (Aq(1),Aq(2)) = (wq,m +aqλ1,wq,p +aqλ2) (7.44)

where λ1 and λ2 are random gaussian variables distributed in the range [0,0.2] and
[0,1] respectively. aq gives flexibility to the output of the network and initially has
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a high value to allow a wide range search for the optimal action. Every time the
pattern q emerges, aq is reduced to focus the action search on a smaller range so to
guarantee the convergence of efferent weights. Once performed the Aq, the current
DRF is evaluated. If DRF ≤ 0 the action is replaced by a random one. If DRF is
positive the action is confirmed and if DRF > bq the weights wq,m and wq,p are
updated as follows:

{
wq,m(new) = (1−ρ)wq,m(old)+ρ(Aq(1)−wq,m(old))
wq,p(new) = (1−ρ)wq,p(old)+ρ(Aq(2)−wq,p(old))

(7.45)

bq stores the mean increase of the RF, due to previous selections of the element
q as current emerged pattern. As above, an action is learnt (7.45) only if it led to
an increase of RF greater than bq. To speed-up the learning process the parameter
ρ depends on the difference (PI, Performance Improvement) between the current
increase (DRF) and the mean increase (bq) of the RF:

ρ =

{
DRF−bq i f PI < 1
1 i f PI ≥ 1

(7.46)

The linear-saturated function (7.46) avoids that, if PI results very high, ρ becomes
greater than one, loosing the meaning of weighted average.
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