
Chapter 6
From low to high level approach to cognitive
control

P. Arena, S. De Fiore, M. Frasca, D. Lombardo and L. Patané

Abstract In this Chapter the application of dynamical systems to model reactive and
precognitive behaviours is discussed. We present an approach to navigation based
on the control of a chaotic system that is enslaved, on the basis of sensory stimuli,
into low order dynamics that are used as percepts of the environmental situations.
Another aspect taken into consideration, is the introduction of correlation mecha-
nisms, important for the emergence of anticipation. In this case a spiking network is
used to control a simulated robot learning to anticipate sensory events. Finally the
proposed approach has been applied to solve a landmark navigation problem.

6.1 Introduction

In living beings, cognitive capabilities are based on inherited behaviours that are
important for their survival. These reactive behaviours, triggered by external stimuli,
are the basic blocks of a cognitive architecture.

In this Chapter we propose a new technique, called weak chaos control technique,
that has been used to implement the reactive layer of a sensing-perception-action
scheme. This control mechanisms is functionally inspired by the research activity
of Prof W. Freeman and coauthors, on the formation of percepts in the olfactory
bulb in rabbits. The proposed model has been designed to be embedded in hardware
for real-time control of roving robots.

The definition of a strategy for the generation of reactive behaviour represents a
first step toward the realization of a cognitive control. Growing up in complexity,
the importance of a correlation layer is evident. To discuss on these aspects, we in-
troduce a network of spiking neurons devoted to navigation control. Three different
examples, dealing with stimuli of increasing complexity are investigated. First, a
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simulated robot is controlled to avoid obstacles through a network of spiking neu-
rons. Then, a second layer is designed aiming to provide the robot with a target ap-
proach system, which makes the robot able to move towards visual targets. Finally,
a network of spiking neurons for navigation based on visual cues is introduced. In
all the cases it has been assumed that the robot knows some a priori responses to
low level sensors (i.e. to contact sensors in the case of obstacles, to proximity target
sensors in the case of visual targets, or to the visual target for navigation with visual
cues) and has to learn the response to high level stimuli (i.e. range finder sensors
or visual input). The biologically plausible paradigm of Spike-Timing-Dependent-
Plasticity (STDP), already introduced in Chapter 3 is included in the network to
make the system able to learn high level responses that guide navigation through
a simple unstructured environment. The learning procedure is based on classical
conditioning.

To conclude the Chapter, a new methodology for landmark navigation, based on
correlation mechanisms, is introduced. Either for animals or for artificial agents, the
whole problem of landmark navigation can be divided into two parts: first, the agent
has to recognize, from the dynamic environment, space invariant objects which can
be considered as suitable “landmarks” for driving the motion towards a goal po-
sition; second, it has to use the information on the landmarks to effectively navi-
gate within the environment. Here, the problem of determining landmarks has been
addressed by processing the external information through a spiking network with
dynamic synapses plastically tuned by an STDP algorithm. The learning processes
establish correlations between the incoming stimuli, allowing the system to extract
from the scenario important features which can play the role of landmarks. Once
established the landmarks, the agent acquires geometric relationships between them
and the goal position. This process defines the parameters of a recurrent neural net-
work (RNN). This network drives the agent navigation, filtering the information
about landmarks given within an absolute reference system (e.g the North). When
the absolute reference is not available, a safety mechanism acts to control the mo-
tion maintaining a correct heading. Simulation results showed the potentiality of
the proposed architecture: this is able to drive an agent towards the desired position
in presence of stimuli subject to noise and also in the case of partially obscured
landmarks.

6.2 Weak Chaos Control for the generation of reflexive
behaviours

All forms of adaptive behavior require the processing of multiply sensory informa-
tion and their transformation into series of goal-directed actions. In the most prim-
itive animal species the entire process is regulated by external (environmental) and
internal feedback through the animal body [51, 26].

Cortical processes information coming from objects identified in the environment
through spike trains from receptors by enrolling dedicated neural assemblies. These
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are nonlinear dynamical coupled systems whose collective dynamics constitutes the
mental representation of the stimuli. Freeman and co-workers, in their experimen-
tal studies on the dynamics of sensory processing in animals [24, 25], conceived a
“dynamical theory of perception”. The hypothesis is that cerebral activity can be
represented by a chaotic dynamics. They attained this result by different experi-
ments on rabbits which inhaled in a pre-programmed way several smells. Through
the electroencephalogram (EEG), Freeman evaluated the action potentials in the ol-
factory bulb and he noticed that the potential waves showed a complex behavior. So
he came to the conclusion that an internal mental representation (cerebral pattern)
of a stimulus is the result of a complex dynamics in the sensory cortex in cooper-
ation with the limbic system that implements the supporting processes of intention
and attention [22]. More in details, according to Freeman [25], the dynamics of the
olfactory bulb is characterized by a high-dimensional chaotic attractor with multiple
wings. The wings can be considered as potential memory traces formed by learning
through the animal’s life history. In the absence of sensory stimuli, the system is in
a high dimensional itinerant search mode, visiting various “wings”. In response to
a given stimulus, the dynamics of the system is constrained to oscillations in one
of the wings, which is identified with the stimulus. Once the input is removed, the
system switches back to the high-dimensional, itinerant basal mode.

Analyzing the experimental data acquired, Freeman proposed a dynamical model
of the olfactory system, called K-sets [21, 47]. The model is able to show all the
chaotic and oscillatory behaviours identified through the experiments. Freeman and
Skarda [47] discussed on the important role of chaos in the formation of perceptual
meanings. Accordingly to their works, neural system activity persists in a chaotic
state until sensors perturb this behaviour. The result of this process is that a new at-
tractor emerges representing the meaning of the incoming stimuli. The role of chaos
is fundamental to provide the flexibility and the robustness needed by the system
during the migration through different perceptual states. A discrete implementa-
tion of Freeman’s K model (i.e. KA sets) was developed and applied to navigation
control of autonomous agents [29]. The controller parameters have been learned
through an evolutionary approach [28] and also by using unsupervised learning
strategies [29]. Our main objective here is to propose a reactive control architec-
ture for autonomous robots, taking care of the functional properties discovered by
Freeman in the olfactory bulb. The idea is to use a simple but chaotic dynamical
system with suitable characteristics that can functionally simulate the creation of
perceptual patterns. The patterns can be used to guide the robot actions and the con-
trol system can be easily extended to include a wide number of sensors. Furthermore
the control architecture can be implemented at a hardware level in an FPGA-based
board to be embedded on an autonomous roving robot [4].

The perception stage is represented by a suitable chaotic attractor, controlled by
incoming signals from sensors. In particular a multidimensional state feedback con-
trol strategy has been implemented. A peculiarity of the approach is that, whereas
most of the chaos control techniques are focused on the control of the chaotic tra-
jectories towards equilibrium points or native limit cycles, in this case the controlled
system is able to converge also to orbits never shown by the uncontrolled system.
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This is due both to the particular system chosen and to the fact that a multiref-
erence control is required. For this reason, we called this technique “weak chaos
control” (WCC). The crucial advantages of this approach are the compact represen-
tation of the perception system, the real time implementation in view of its appli-
cation to robot navigation control and the possibility to take into consideration the
physical structure of the robot within the environment where it moves. This char-
acteristic is realised since the robot geometry is introduced within the phase space,
where chaotic wanderings are represented. Moreover obstacles or target positions
are mapped in the phase space directly reflecting their actual position, with respect
to the robot, as in the real environment. We have therefore, in the phase space, a
kind of mirrored real environment, as measured by the sensors. The emerging con-
trolled orbit will influence the behaviour of the robot by means of suitable actions,
gained through the implementation of a simple unsupervised learning phase, that
has already been presented in [3].

6.2.1 The chaotic Multiscroll system

In this section the chaotic circuit used as perceptual system is introduced. Since this
system should be able to deal with a great number of sensorial stimuli and represent
them, a chaotic system, able to generate multiscrolls [38], has been adopted. This
can be viewed as a generalization of the Chua’s double scroll attractor represented
through saturated piecewise linear functions and of other circuits able to generate
a chaotic attractor consisting of multiply scroll distributed in the phase space (i.e.
n-scrolls attractor) [39]. It is able to generate one-dimensional (1-D) n-scrolls, two-
dimensional (2-D) n×m-grid scrolls or three-dimensional (3-D) n×m× l-grid scroll
chaotic attractors by using saturated function series. In this work a 2-D multiscroll
system has been chosen. It is described by the following differential equations [38]:





ẋ = y− d2
b f1(y;k2;h2; p2,q2)

ẏ = z
ż = −ax−by− cz+d1 f1(x;k1;h1; p1,q1)+

+d2 f1(y;k2;h2; p2,q2)

(6.1)

where the following so-called saturated function series (PWL) f1(x;k j;h j; p j,q j)
has been used:

f1(x;k j;h; j p j;q j) =
q j

∑
i=−p j

gi(x;k j;h j) (6.2)

where k j > 0 is the slope of the saturated function, h j > 2 is called saturated
delay time, p j and q j are positive integers, and
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gi(x;k j;h j) =





2k j i f x > ih j +1,
k j(x− ih j)+ k j i f |x− ih j| ≤ 1,

0 i f x < ih j−1
(6.3)

g−i(x;k j;h j) =





0 i f x >−ih j +1,
k j(x+ ih j)− k j i f |x+ ih j| ≤ 1,

−2k j i f x <−ih j−1
(6.4)

System (6.1) can generate a grid of (p1 +q1 +2)∗(p2 +q2 +2) scroll attractors.
Parameters p1 (p2) and q1 (q2) control the number of scroll attractors in the positive
and negative direction of the variable x (y), respectively. The parameters used in the
following (a = b = c = d1 = d2 = 0.7, k1 = k2 = 50, h1 = h2 = 100, p1 = p2 = 1,
q1 = q2 = 2) have been chosen according to the guidelines introduced in [38] to
generate a 2-D 5× 5 grid of scroll attractors. An example of the chaotic dynamics
of system (6.1) is given in Fig. 6.1.
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Fig. 6.1 Projection of the 5x5 grid of scroll attractors in the plane x-y.

6.2.2 Control of the multiscroll system

In our approach the perceptual system is represented by the multiscroll attractor of
equations (6.1), whereas sensorial stimuli can interact with the system through (con-
stant or periodic) inputs that can modify the internal chaotic behavior. Since one of
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the main characteristics of perceptive systems is that sensorial stimuli strongly in-
fluence the spatial-temporal dynamics of the internal state, a suitable scheme to con-
trol the chaotic behavior of the multiscroll system on the basis of sensorial stimuli
should be adopted.

Briefly, chaos control refers to a process wherein a tiny perturbation is applied to
a chaotic system in order to realize a desirable behavior (e.g. chaotic, periodic and
others). Several techniques have been developed for the control of chaos [11].

In view of our application, a continuous-time technique like the Pyragas’s method
is a suitable choice [42].

In this method [42, 43] the following model is taken into account:

dy
dt = P(y,x)+F(t), dx

dt = Q(y,x) (6.5)

where y is the output of the system (i.e. a subset of the state variables) and the
vector x describes the remaining state variables of the system. F(t) is the additive
feedback perturbation which forces the chaotic system to follow the desired dynam-
ics. Pyragas [42, 43] introduced two different methods of permanent control in the
form of feedback. In the first method, that is used here, F(t) assumes the following
form:

F(t) = K[ŷ(t)− y(t)] (6.6)

where ŷ represents the external input (i.e. the desired dynamics), and K represents
a vector of experimental adjustable weights (adaptive control).

The method can be employed to stabilize the unstable orbits endowed in the
chaotic attractor reducing the high order dynamics of the chaotic system.

6.2.2.1 Control scheme

In our case a strategy based on equations (6.6) has been applied. The desired dynam-
ics is provided by a constant or periodic signal associated with the sensorial stimuli.
Since more than one stimulus can be presented at the same time, the Pyragas method
has been generalized to account for more than one external forcing.

Hence, the equations of the controlled multiscroll system can be written as fol-
lows:





ẋ = y− d2
b f1(y;k2;h2; p2,q2)+∑i kxi(xri − x)

ẏ = z+∑i kyi(yri − y)
ż = −ax−by− cz+d1 f1(x;k1;h1; p1,q1)

+d2 f1(y;k2;h2; p2,q2)

(6.7)

where i is the number of external references acting on the system; xri , yri are the
state variables of the reference circuits that will be described in details below and
kxi , kyi represent the control gains. It can be noticed that the control acts only on
the state variables x and y, and this action is sufficient for the proposed navigation
control strategy. The complete control scheme is shown in Fig. 6.2.
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Each reference signal (xri , yri ) can be a constant input or a periodic trajectory
representing a native cycle. This can be generated using the multiscroll system (6.1)
with particular parameters (a = b = c = 1). In this case the number of multiscroll
systems needed to generate the reference cycles should be the same as the number
of reference trajectories required. In a more simple way, these reference signals can
be built using sinusoidal oscillators:

xr(t) = Axr sin(ωxrt−ϕxr)+ xo f f

yr(t) = Ayr sin(ωyrt−ϕyr)+ yo f f (6.8)

where (xo f f ,yo f f ) is the center of the reference cycle, ω is the frequency (in this
work ωxr = ωyr = 1), ϕxr and ϕyr are the phases, Axr and Ayr define the amplitude
of the reference signal.

6.2.3 Multiscroll control for robot navigation control

In the following sections the proposed reactive control scheme will be applied to
robot navigation control. Taking inspiration from Freeman’s works, we adopt a
chaos control approach to enslave the chaotic trajectories of our perceptual sys-
tem towards different pseudo-periodic orbits. We chose to use, as reference signals,
periodic inputs, even if the method can be used also considering constant references.
To this aim, taking into account a single reference periodic signal, the control gain
range is defined in the following way:

Fig. 6.2 Block diagram of the control scheme when three distinct reference signals (i.e. sensorial
stimuli) are perceived by the multiscroll system.
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kx,ky ≥ kmin(xr,yr) (6.9)

If the reference signal is a native orbit of the chaotic system, it can be shown that
kmin = 0.534.

Below kmin the system presents a chaotic behavior, whereas if control gains are
above kmin a limit cycle behavior occurs. In particular, as concerns the control by
using a single reference dynamics, for low values of kx and ky the control of the
multiscroll attractor has a residual error, however for the purpose of navigation con-
trol this weak condition is still acceptable. For higher values of kx and ky, the steady
error approaches zero.
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Fig. 6.3 Limit cycle obtained when the multiscroll system is controlled by two sensorial stimuli.
(a) Control gains: kx1 = kx2 = ky1 = ky2 = 0.8; (b) Control gains: kx1 = ky1 = 2, kx2 = ky2 = 0.6.

One of the most interesting aspects of this technique, applied to the multiscroll
system into consideration and useful for robot control purposes, is evident when
there are more than one external reference. For example, let us consider the case in
which there are two concurrently active inputs, and so there are two reference signals
in the multiscroll phase plane. If the control gains of the two reference systems are
not equal, the resulting controlled limit cycle (emerged cycle) will be placed, in
the phase plane, near the reference cycle associated with the higher control gain.
If the two reference dynamics have the same control gains, the resulting cycle will
be placed exactly at halfway between them. These results are shown in Fig. 6.3.
When stimuli are perceived, the system converges to a limit cycle that constitutes a
representation of the concurrent activation of the sensorial stimuli. When stimuli are
no longer active, the multiscroll returns to its default chaotic dynamics. An example
of this process is shown in Fig. 6.4.

In the next sections a reactive system applied to the navigation control of a roving
robot is proposed.
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Fig. 6.4 An example of the evolution of the multiscroll system when controlled by reference dy-
namics associated with sensors. (a) When a single stimulus is perceived, the system converges to
the reference cycle; (b) when the stimulus ends, the system behaves chaotically.

6.2.4 Robot navigation

To explore an area avoiding obstacles, the robot, sensing the environment, can create
an internal representation of the stimuli in relation to its body. The loop is closed by
an action that is chosen to accomplish a given target behavior (e.g. exploration with
obstacle avoidance). Every sensor equipped on the robot provides a reference cycle.
This is addressed by associating for instance, the perception of an obstacle with a
stimulus and associating it with a representation (pattern). Therefore the controlled
multiscroll system is the perceptual system and the emerged orbit stands for the
internal representation of the external environment. Finally, according to the char-
acteristic of the emerged cycle (amplitude, frequency, center position) an action,
in terms of speed and rotation angle, is associated. At this stage, action is linked
to perception (the emerged cycle) using a deterministic algorithm. However this
association can be obtained through a bio-inspired adaptive structure and the clas-
sical Motor Map paradigm could represent a good candidate [45]. Fig. 6.5 shows a
simulated robot equipped with four distance sensors and a target sensor. The cor-
responding reference cycles reported in the phase plane are related to the sensor
positions. Distance sensors are directional and are associated each one to a single
reference cycle, whereas target sensor is characterized by an omnidirectional field
of view and for that reason it is associated to more than one (i.e four) reference cy-
cles [6]. The offsets assigned to each input cycle are defined to match the position
of the scroll centers. Moreover in this work we have chosen to link the value of the
control gains with the intensity of perceived sensorial stimuli.

The technique, based on placing reference cycles in the phase plane in accor-
dance with the distribution of sensors on the robot, is important to strictly connect
the internal representation of the environment to the robot geometry. In our tests
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only distance and target sensors have been used, although other sensors could be
included.

Distance sensors have a visibility range that represents the area where the robot is
able to detect static and dynamic obstacles, whereas target sensor returns the target
angular displacement with respect to the front axis of the robot, when the robot is
inside the detection region of the target.

As concerns the action (in terms of absolute value of speed and heading) per-
formed by the robot, it depends on the multiscroll behavior. In particular, when no
stimulus is perceived (i.e. there are no active sensors) the system evolves chaotically
and the robot continues to explore the environment moving with constant speed and
without modifying its orientation. Moreover, another possible exploring strategy
can be taken into consideration: the robot can exploit the chaotic wandering of its
internal state variables to generate and follow a chaotic trajectory that can help the
system during the environment exploration. When external stimuli are perceived,
the controlled system converges to a cycle (i.e. a periodic pattern) that depends on
the contribution of active sensors through the control gains kxi and kyi . The action
that will be executed is chosen according to the characteristics of the cycle, in par-
ticular its position in the phase plane. A vector pointing to the center of the limit
cycle of the controlled multiscroll attractor is defined; predefined actions are chosen
on the basis of module and orientation of this vector. When the stimuli stop, the
multiscroll returns to evolve in a chaotic way.

A different strategy has been adopted for the target. When a target is in the detec-
tion range of the robot, it is considered as an obstacle located in a position symmetric
with respect to the motion direction. This is associated with a reference cycle which
controls the multiscroll attractor with a low gain, so that avoiding obstacles has pri-
ority over reaching targets. In this way the generated reference cycle has the task
to weakly suggest a rotation towards the target, since preserving the robot safety is
considered more important than retrieving a target.

Fig. 6.5 Scheme of a simulated roving robot equipped with four distance sensors and a target
sensor. In the phase plane x− y, the reference cycles associated to each sensor are reported. Target
sensor, due to its omnidirectional field of view, is associated to four reference cycles. Cycles can be
generated by system (6.1) with parameters: a = b = c = d1 = d2 = 1, k1 = k2 = 50, h1 = h2 = 100,
p1 = p2 = 1, q1 = q2 = 2 and changing the offset. Equivalently, equations (6.8) can be used.
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6.2.5 Simulation results

To test the performance and the potential impact of the proposed architecture we
developed a software tool for mobile robot simulations and a hardware implemen-
tation in an embedded platform. The first evaluation stage was carried out via a
2D/3D simulation environment [6]. A robot model involved in a food retrieval task
was simulated.

To evaluate the performance of the proposed control scheme, a comparison with
a traditional navigation control method is reported. The navigation strategy chosen
as benchmark is the Potential Field (PF) [35]. A basic version using a quadratic
potential has been implemented in the simulator for the same simulated robot used
to test the weak chaos control approach [9]. Also in this case the robot can use
only local information, acquired from its sensory system to react to the environment
conditions (i.e. local PF). The parameters of the PF algorithm (e.g. robot speed,
constraints for the movements) have been chosen in order to allow a comparison
with the WCC technique.

The sensory system of the simulated roving robot consists of four distance sen-
sors and a target sensor as depicted in Fig. 6.5. Several environmental configura-
tions were considered; here we report the results for two different scenarios shown
in Fig.6.6. Four targets were introduced in both the environments: the circle around
each target represents the range in which the target can be sensed. Obstacles are
represented by walls and by the black rectangles. The robot had to navigate in this
environment reaching the targets, while avoiding obstacles. When a target is found,
it is disabled, so that the robot navigates toward the other targets.

(a) (b)

Fig. 6.6 Environments used to evaluate the performance of the proposed architecture in compari-
son with the Potential Field. The dimension of both the arenas is 50x50 robot units, the randomly
placed objects correspond to walls and obstacles and the circles indicate the visibility range of the
targets.

For each environment we performed a set of five simulations for the different
control methods taken into consideration. In particular we compared the naviga-
tion capabilities of the robot controlled through the local potential field method and
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through two versions of the WCC architecture. The difference between the two ver-
sions is limited to the behaviour of the robot during the exploration phase (i.e. when
no stimuli are perceived). The former implements a very simple behaviour that con-
sists into a forward movement with the speed set to its maximum value (i.e. WCC f ),
whereas the latter considers the chaotic evolution of the multiscroll system to deter-
mine the action of the robot exploring the environment (i.e. WCCc). Here when no
stimuli are perceived, the perceptual core of the control system behaves chaotically
and the robot action depends on the position of the centroid of the chaotic wandering
shown by the system during the simulation step. Each simulation step corresponds
to a single robot action and it is determined simulating the dynamical system for
2000 steps with an integration step equal to 0.1 [6]. An example of the trajectories
followed by the robot in the three cases is shown in Fig. 6.7.

(a) (b) (c)

(d) (e) (f)

Fig. 6.7 Trajectories followed by the robot controlled through: (a) (d) local potential field; (b)(e)
WCC with forward exploration behaviour, (c)(f) WCC with chaotic exploration behaviour.

For each simulation the robot is randomly placed in the environment and the
three control methods are applied monitoring the robot behaviour for 10000 actions
(i.e. epoches). To compare the performances of the algorithms we consider the cu-
mulative number of targets found and the area explored by the robot [29].

In Fig. 6.8 the cumulative number of targets found in the two environments,
calculated in time windows of 1000 epochs, is shown. The performances of the
three control methods are comparable in both the environments.
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Another performance index taken into consideration is the area covered by the
robot during each simulation. The results shown in Fig. 6.9 demonstrate that the
WCCc guarantees a high exploration capabilities with respect to the other control
methods.

Movies of these simulations are available on the web [5].

(a) (b)

Fig. 6.8 Cumulative number of targets found for the three control algorithms in the (a) four-rooms
environment (Fig.6.6 (a)) and (b) environment filled with obstacles (Fig.6.6(b)). The simulation
time is 10000 epochs and the mean number of targets, mediated over 5 simulations, calculated with
time windows of 1000 epochs, is indicated. The bars show the minimum and maximum number of
targets found.

(a) (b)

Fig. 6.9 Area explored using the three control algorithms in the (a) four-rooms environment
(Fig.6.6 (a)) and (b) environment filled with obstacles (Fig.6.6(b)). The arena which dimension
is 50x50 robot units, has been divided into locations of 2x2 robot units. The simulation time is
10000 epochs and the mean value of area explored, mediated over 5 simulations, calculated with
time windows of 1000 epochs, is indicated. The bars show the minimum and maximum value.
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6.3 Learning anticipation in spiking networks

Basic problems in navigation control can be solved using many different approaches
[8], our idea is to investigate a suitable navigation control scheme, which relies on
learning strategies in spiking neurons [27] (i.e. the fundamental processing units of
the nervous system).

Literature on navigation control is vast as well as the papers focusing on biologi-
cally inspired approaches to navigation. A review on bio-inspired navigation control
schemes is provided by Trullier et al. [50] and by Franz and Mallot [20]. A key role
in navigation control in animals is played by hippocampal cells, which encode spa-
tial locations and act as an associative memory [14, 13, 12, 36, 34]. The aim of
our work is not to reproduce a biological model, but to use the paradigm of spiking
computation to build an artificial structure suitable for the control of a roving robot.

The formulation of the control system in terms of spiking neurons requires to
adopt neural mechanisms in order to implement the desired features. For instance,
the learning strategy should be based on a biologically plausible mechanism. The so-
called Spike-Timing-Dependent-Plasticity (STDP) has been introduced to explain
biological plasticity [49, 33]. The same paradigm has been introduced in Chapter 3
but is here summarized for sake of clarity.

According to this biologically plausible theory, synaptic weights among living
neurons are changed so that a synaptic connection between two neurons is rein-
forced if there is a causal correlation between the spiking times of the two neurons.
The weight of the synapse is increased if the pre-synaptic spike occurs before the
post-synaptic spike, decreased otherwise.

Taking into account the STDP rule, we implemented a system able to learn the
response to “high-level” (conditioned) stimuli, starting from a priori known re-
sponses to “low-level” (unconditioned) stimuli. To this aim, successive repetitive
occurrences of the stimulus lead to reinforce the conditioned response, according to
the paradigms of classical and operant conditioning [41, 46], briefly introduced in
the following. Classical conditioning relies on the assumption that, given a set of
unconditioned responses (UR) triggered by unconditioned stimuli (US), the animal
learns to associate a conditioned response (CR) (similar to the UR) to a conditioned
stimulus (CS) which can be paired with the US [46]. In operant conditioning the
animal is asked to learn a task or solve a problem (such as running a maze) and
gets a reward if it succeeds [46]. These two biological mechanisms, used by living
creatures to learn from the interaction with the environment, provided the source of
inspiration for the implementation of our algorithm.

In our approach learning capabilities are included to implement the main naviga-
tion control tasks (obstacle avoidance, target approaching and navigation based on
visual cues). These have been implemented through a bottom-up approach: from the
most simple task, i.e. obstacle avoidance, to the most complex task, i.e. navigation
with visual cues. In the case of obstacle avoidance, contact sensors play the role of
unconditioned stimuli (US), while range finder sensors represent conditioned stim-
uli (CS). In the case of target approach, sensors which are activated in the proximity
of a target (called in the following proximity target sensors) play the role of US,
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while the visual input coming from a camera equipped on the robot represents the
CS. In fact, the robot has a priori known reactions for contact and proximity target
sensors, but has to learn the response to the conditioned stimuli through classical
conditioning. In the case of navigation with visual cues, the development of a layer
for visual target approach is fundamental to learn the appropriate response to objects
which can become landmarks driving the robot behavior.

Several local navigation tasks can thus be incrementally acquired on the basis
of the already learned behaviors. The bio-inspired learning approach is potentially
relevant to the goal of progressively including more and more details gained from
high-level sensors, like visual cues, into the navigation control loop. New visual
features could be used, as learning proceeds, to select more appropriate actions,
relevant to the current task.

The network of spiking neurons with STDP learning is applied to control a rov-
ing robot. The loop through the world, which defines the input of the network, is
exploited to produce classical conditioning in several continuous behavioral scenar-
ios.

6.3.1 The spiking network model

In this Section the mathematical model of the spiking network applied to all the
local navigation skills mentioned in the introduction is discussed. This approach
derives from the Mushroom Bodies modeling proposed in Chapter 1 and 3 and is
here briefly summarized and further extended to include more complex skills. The
network consists of interacting spiking neurons, which may play the role of sensory
neurons, inter-neurons or motor-neurons. Sensory neurons are neurons connected
to sensors, while motor-neurons drive robot motors; inter-neurons are all the other
neurons involved in the processing for navigation control. Each neuron is modeled
by the following equations proposed by Izhikevich [30]:

v̇ = 0.04v2 +5v+140−u+ I
u̇ = a(bv−u)

(6.10)

with the spike-resetting

if v≥ 0.03, then

{
v← c
u← u+d

(6.11)

where v, u and I are dimensionless variables representing the neuron membrane
potential, the recovery variable and the input current, respectively, while a, b, c and
d are system parameters. The time unit is ms.

According to the parameters chosen [31], this model could reproduce the main
firing patterns and neural dynamical properties of biological neurons, such as spik-
ing behaviors (tonic, phasic and chaotic spiking) and bursting behavior.



302 Arena et al.

Among the possible behaviors class I excitable neurons are selected. In these
neurons the spiking rate is proportional to the amplitude of the stimulus [31]. Such
property is really important as a way to encode any measured quantity by means
of the firing frequency. It also represents a suitable way to fuse sensory data at
the network input level. For the task of obstacle avoidance, the robot is equipped
with range finder sensors connected to sensory neurons. These are class I excitable
neurons able to encode the distance from the obstacle through their firing rate, as
schematically shown in Fig. 6.10. For this reason, neuron parameters are chosen as
a = 0.02, b =−0.1, c =−55, d = 6 (class I excitable neurons [31]), while the input
I accounts for both external stimuli (e.g. sensorial stimuli) and synaptic inputs. The
same model was adopted for the other neurons of the network.

Fig. 6.10 Class I excitable neurons encode the robot distance from the obstacle into their firing
frequency.

Concerning the model of the synapse, let us consider a neuron j which has synap-
tic connections with n neurons, and let us indicate with ti the instant in which a
generic neuron i, connected to neuron j, emits a spike. The synaptic input to neuron
j is given by the following equation:

I j(t) = ∑wi jε(t− ti) (6.12)

where wi j represents the weight of the synapse from neuron i to neuron j and the
function ε(t) is expressed by the following formula:

ε(t) =

{
t
τ e1− t

τ if t ≥ 0
0 if t < 0

(6.13)

Equation (6.13) describes the contribution of a spike, from a presynaptic neuron
emitted at t = 0 [18]. In our simulations τ has been fixed to τ = 5ms.

To include adaptive capabilities in our model, Hebbian learning was considered.
Recent results [49] indicate STDP as a model of experimentally observed biological
synaptic plasticity. The synaptic weights of our network are thus allowed to be mod-
ifiable according to the STDP rule discussed in [49] and here briefly reported. Let us
indicate with w the synaptic weight. A presynaptic spike and a post synaptic spike
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modify the synaptic weight w by w→ w+∆w, where, according to the STDP rule,
∆w depends on the timing of pre-synaptic and post-synaptic spikes. The following
rule holds [49]:

∆w =

{
A+e

∆ t
τ+ if ∆ t < 0

A−e
−∆ t
τ− if ∆ t ≥ 0

(6.14)

where ∆ t = tpre− tpost is the difference between the spiking time of the pre-synaptic
neuron (tpre) and that of the post-synaptic one (tpost). If ∆ t < 0, the post-synaptic
spike occurs after the pre-synaptic spike, thus the synapsis should be reinforced.
Otherwise if ∆ t ≥ 0, (the post-synaptic spike occurs before the pre-synaptic spike),
the synaptic weight is decreased by the quantity ∆w. The choice of the other pa-
rameters (A+, A−, τ+ and τ−) of the learning algorithm will be discussed below.
Equation (6.14) is a rather standard assumption to model STDP. The term A+ (A−)
represents the maximum ∆w which is obtained for almost equal pre- and post- spik-
ing times in the case of potentiation (depression).

The use of the synaptic rule described by equation (6.13) may lead to an unrealis-
tic growth of the synaptic weights. For this reason, often upper limits for the weight
values are fixed [48, 32]. Furthermore, some authors (see for instance [52, 53]) in-
troduce a decay rate in the weight update rule. This solution avoids that the weights
of the network increase steadily with training and allows a continuous learning to be
implemented. In the simulations, the decay rate has been fixed to 5% of the weight
value and is performed every 3000 simulation steps. Thus, the weight values of
plastic synapses are updated according to the following equation:

w(t +1) =

{
0.95w(t)+∆w if t mod 3000 = 0
w(t)+∆w otherwise

(6.15)

where t mod 3000 indicates the modulus of t divided by 3000 and ∆w is given by
eq. (6.14).

In the following, the upper limit of the synaptic weight was fixed to 8 (excitatory
synapses) or −8 (inhibitory synapses). The initial values of synapses with STDP
are either 0.05 (excitatory synapses) or −0.05 (inhibitory synapses). All the other
synaptic weights (i.e., weights not subject to learning) are fixed to their maximum
value.

6.3.2 Robot simulation and controller structure

In this Section the simulated robot, the simulation environment and the interface
between the spiking network, the robot and the environment are briefly described.

The simulated robot has a cubic shape: in the following the edge of the robot
will be used as measure unit, and indicated as robot unit (r.u.). The simulated robot
is a dual-drive wheeled robot: the two motors are labeled as left (LM) and right
motor (RM). The two actuated wheels are driven by the output of the spiking net-
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work structure as discussed below. The robot is equipped with two collision sensors,
two range finder sensors, two proximity sensors for target detection and a simulated
visual camera. Contact and range finder sensors are centered on the front side of
the robot and have a range of [0◦,+45◦] (right sensor) or [0◦,−45◦] (left sensor).
The proximity sensors for target detection are range finder sensors which sense the
presence of a target. The simulated robot is shown in Fig. 6.11: a schematic repre-
sentation of sensor ranges is given in Fig. 11(a), while in Fig. 11(b) the on-board
camera view is shown.

(a) (b)

Fig. 6.11 (a) The simulated robot is equipped with range finder sensors centered on the front side
of the robot and with a range of [0◦,+45◦] (right sensor) or [−45◦,0◦] (left sensor), schematically
shown with gray dashed lines (outer arcs). The inner arcs refer to the range of contact sensors.
The range of the on-board camera view is shown with black solid lines. The circle surrounding the
target (the red object) represents the range in which the target is sensed by the proximity target
sensors of the robot . (b) On-board camera view.

The general structure of the spiking network is made of three layers of neurons
outlined below.

The first layer is formed by sensory neurons. We used class I excitable neurons
to model this layer of neurons, so that the frequency rate codes the stimulus inten-
sity. The second layer is formed by inter-neurons, whereas the third layer is formed
by motor-neurons. The output of the motor-neurons is used to generate the signals
driving the two wheels of the robot. We now briefly clarify how each layer works in
general.

The response of the sensory neurons depends on the stimulus intensity through
the input I in equation (6.10). Let us firstly consider sensory neurons associated with
collision sensors and let us indicate with d0 the distance between the robot and the
closest obstacle. This distance is computed in robot units (r.u.). Collision sensors are
activated when the distance d0 is d0 ≤ 0.6r.u.: in this case the input of the neuron
associated with the US is fixed to a constant value I = 9. This value is such that the
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sensory neuron emits regular spikes which drive the robot to avoid the obstacle by
turning in one direction.

In the case of range finder sensors for obstacle detection, the input is a function
of d0: I = 9e−0.6d0 + 2.2. This function has been chosen so that the range finder
sensors approximatively begin to fire when the distance between obstacle and robot
is less than 11 r.u. In the case of range finder sensors for target detection, the same
input function is used, but the target can be detected if the distance from the robot
is less than 5 r.u.

As far as the visual sensor is concerned, input is acquired by a camera equipped
on the simulated robot. The raw image (388x252 pixels) is pre-processed in order
to identify objects of different colors. In particular, to develop the network for target
approaching and navigation with visual cues, two color filters have been considered:
red objects represent targets whereas yellow objects are used as visual cues. In both
the cases the filtered image is tiled in 9 different sectors, each one associated with
a class I spiking neuron. A visual sensory neuron is activated if the barycenter of
the identified object falls within its corresponding sector. The input is a function of
the perimeter of the object, as follows. Let us indicate with p the perimeter of the
biggest object in the visual field, then the input I of the active sensory neuron is
given by: I = 0.012p+3.8 if 0 < p≤ 400pixels or I = 8.6 if p > 400pixels.

Inter-neurons constitute an intermediate layer between sensory neurons and
motor-neurons. We found that this layer is not strictly necessary in the avoidance
task where the overall network is quite simple, but is needed for more complex
tasks.

Finally, the last layer of the network is formed by four motor-neurons. For unifor-
mity these neurons (and the inter-neurons as well) are also class I excitable neurons.
Motor control is strictly connected to the robot structure under examination. To clar-
ify how the output of the motor-neurons is used to drive the robot wheels, we need
to briefly mention some aspect of the simulation.

The robot moves in a simulated environment filled with randomly placed ob-
stacles. At each simulation step, a time window of 300ms of model behavior is
simulated. The robot moves according to the number of spikes generated by the
motor-neurons during this time window. The number of spikes emitted by the two
left (right) motor neurons are cumulated to compute the robot action, after that a
new sensory acquisition and network processing will be executed.

In our model we assume that the speed of the motor is proportional to the spiking
rate of the driver signal. The driver signal for each motor depends on the number of
spikes in the variables v (eq.6.10) of the associated motor-neurons. Referring to the
spiking network shown in the box of Fig. 6.12, the “go-on” motor-neurons generate
the spike train needed to let the robot advance in the forward direction (even in
absence of stimuli). The variables v of the other motor-neurons (since this part of the
network is needed to make the robot able to turn, we refer to these neurons as “turn”
neurons) are then summed to the ones of the “go-on” neurons, so that the driving
signals of the motors are the sum of the two spike trains. In presence of collisions,
the network structure is such that the “go-on” motor-neurons are inhibited and the
forward movement is suppressed. When the left and right motor-neurons emit an
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equal number of spikes, the robot moves forward with a speed proportional to the
number of spikes. In absence of conditioned stimuli the amplitude of the forward
movement is about 0.3 r.u. for each step.

When the information gathered by the sensory system produces a difference in
the number of spikes emitted by left and right motor-neurons, the robot rotates. Let
nR (nL) be the number of spikes in the signal driving the right (left) motor, and
let ∆ns = nR − nL, then the angle of rotation (in the counterclockwise direction)
is θ = 0.14∆ns rad. This means that if for instance nR = 5 and nL = 4, then the
difference between the number of spikes emitted by right and left motor-neurons
is one spike and the robot will rotate of 0.14 rad (about 8◦). In this case, after the
rotation the robot proceeds forward. We count the spikes emitted both by the left
and the right neuron (i.e., the minimum value of nR and nL; in the example 4) and
let the robot advance with a speed proportional to this number, so that the spike rate
codes the robot speed.

Without learning, the robot is driven by unconditioned behavior. In this case, the
robot is driven by contact sensors and is able to avoid obstacles only after colliding
with them. Furthermore, thanks to proximity target sensors the robot can approach
a target only if this is within the sensor range. In the case of a front obstacle, the
turning direction is random.

6.3.3 Spiking network for obstacle avoidance

The spiking network described in this Section deals with the navigation task of
moving through an environment where obstacles are randomly placed. Navigation
takes place by using fixed reactions to contact sensors (i.e. to US) and learning the
appropriate actions in response to conditioned stimuli (i.e. stimuli from range finder
sensors).

The network for obstacle avoidance is shown in Fig. 6.12. It is functionally di-
vided in two parts. The first group of neurons (included in the grey box) deals with
unconditioned stimuli USR and USL (i.e. contact sensors). Synaptic weights of this
network are fixed and represent the a priori known response to unconditioned stim-
uli, i.e. the basic avoidance behavior of the robot. The structure of the connections
between neurons is modeled with direct inhibition and cross-excitation among sen-
sory and motor neurons. This model is biologically relevant: in fact it has been used
as model for cricket phonotaxis in [55]. Details on cricket phonotaxis and spiking
networks are reported in Chapter 3. Concerning sensory neurons, we assume that
the obstacles are detected by contact sensors at a distance that allows the robot to
avoid the obstacle by turning in one direction.

The second part of the network, whose connections are outlined in gray in
Fig. 6.12, deals with conditioned stimuli. The synaptic weights of this network
evolve according to the STDP rule discussed above. The synaptic weights of neu-
rons connected to CSL and CSR are not known a priori and should be learned dur-
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ing the exploration. The following parameters have been used for the STDP rule:
A+ = 0.02, A− =−0.02, τ+ = 20ms, τ− = 10ms.

Fig. 6.12 Network for obstacle avoidance. RM and LM are right and left motors, respectively. USR

and USL represent right and left contact sensors, respectively, while CSR and CSL represent condi-
tioned stimuli (i.e. range finder sensors). Each circle indicates a class I excitable neuron modeled
by equations (6.10). Arrows and dots indicate excitatory and inhibitory synapses, respectively. The
‘go on’ box indicates a constant input which makes the motor neurons fire in the absence of sen-
sory input (this constant input is such that the robot can go in the forward direction without sensory
input).

Without stimuli, the motor-neurons controlling right and left motors emit the
same number of spikes and the robot proceeds in the forward direction. When a
stimulus, due either to a contact or a distance sensor, occurs, the number of spikes
emitted by the motor-neurons are no longer equal and a steering movement occurs.

To illustrate a first example of obstacle avoidance, we take into account two pa-
rameters. A steering movement is the response of the robot to an external stimulus.
It can be either an unconditioned response (UR) or a conditioned response (CR). To
test the behavior of the network controller, we take into account how many steering
movements are due to an US or to a CS. We define NUS as the number of avoidance
movements (i.e. steering movements directed to avoid an obstacle) which occur in
a given time window and are due to the triggering of an UR. We define NCS as the
number of avoidance movements in a given time window, due to the triggering of
a CR. If the spiking network controller performs well, NCS grows, while NUS de-
creases.

Trajectories generated in a typical experiment are shown in Fig. 6.13. During
the first phase the robot avoids obstacles by using UR, triggered by contact sensors
(Fig. 13(a)). During this phase the robot learns the correct CR. Proceeding further
with the simulation (Fig. 13(b)), obstacles are finally avoided only by using range
finder sensors, i.e. CS (Fig. 13(c)). The weights converge towards an equilibrium
value given by the balance between new experience, learned when collision sensors
are activated, and the weight decay rate.
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(a) (b) (c)

Fig. 6.13 Three meaningful parts of a simulation devoted to learn CRs. (a) Robot behavior is
driven by UR. (b) The robot has already learned CR to left obstacles. After two collisions with
right obstacles, it avoids a right obstacle with a CR. (c) The robot avoids obstacles using CR. The
final position, for each of the simulation phases, is indicated with a filled circle.

The introduction of the weight decay rate implies a never ending learning. This
is not a drawback, since the learning algorithm is simple, it can run in real-time,
and a continuous learning contributes to improve experience and also to face with
dynamically changing environments.

In Fig. 6.14 the number of avoidance movements due to CS (namely NCS) is
compared with the number of avoidance movements due to US (namely NUS). The
time window in which NUS and NCS are calculated is 1000 simulation steps. As it
can be noticed, as new experience is gained, US are seldom used, and the robot uses
CR to avoid obstacles.

We observed several emergent properties in this simple network controller. First
of all, it is worth noticing that, although the UR network and the structure for the CR
network are symmetrical, the weight values of the CR network are not symmetrical.
This provides to the robot a decision strategy in case of front obstacles. In this
sense the behavior of the network depends on the configuration of obstacles used
to train the network and the robot starting point. The asymmetry depends on how
many left or right obstacles are encountered during the first phase of the learning.
Other simulation tests, dealing with new obstacles placed in the environment after
the learning phase, reveal that the new obstacles in the trajectory of the robot are
avoided without any problem. Thus, although the learned weight values depend on
the obstacle configuration, the global behavior of the network is independent of
obstacle positions.
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Fig. 6.14 NCS compared with NUS in the case of obstacle avoidance. The time window in which
NUS and NCS are calculated is 1000 simulation steps.

Thanks to the introduction of a decay rate in the synaptic weights, the learning
phase never stops. This provides the robot with the capability of redefining, during
the time, its turning strategies. Let us focus on the example shown in Fig. 6.15.
When the robot approaches the arena wall at the area marked with B, it turns to the
right, while an optimal strategy would require to turn in the opposite direction. In B
the robot performed a wrong turn, but in D the turn is correct. So, during the time
needed to go from B to D, the robot weights were adjusted. This occurs during the
four right turns between B and D and, in particular, during the left turn marked as
C where collision sensors (i.e. evoking an UR) are used. In fact, with the strategy
learned in B the robot collides at point C (because the solution is not optimal) and
so it learns a new solution. The robot applies the new solution at point D.

The emergent result is that the robot is able to correct the not optimal strategy
and to adopt a better strategy. In fact, when it approaches area marked with D it now
turns in the left direction. These emergent properties derive from the dynamic be-
havior due to the presence of learning (i.e. to the plasticity of synapses of dynamical
spiking neurons).

To evaluate in details the performance of the spiking network controller, a sys-
tematic analysis was carried on. In particular, an extensive set of simulations were
carried out, whose detailed report can be found in [7].

6.3.4 Spiking network for target approaching

6.3.4.1 Spiking model

The first basic mechanism needed for navigation control is the ability to direct to-
wards a target. We suppose that the robot knows how to direct itself towards the



310 Arena et al.

Fig. 6.15 The robot controlled by the spiking network for obstacle avoidance is able to reorganize
its turning strategy. The final point of the trajectory followed by the robot is indicated with a filled
circle.

target once the target is within a circle of a given radius. However, this a priori
known mechanism provides only a poor target approaching capability useful for
very low distances: the robot should learn how to direct to the target on the basis of
the visual input, which in this case constitutes the conditioned stimulus. In our case,
targets are small red cubic objects.

In order to focus on the problem of learning the conditioned response to the
visual stimulus, we simplify the network of neurons devoted to process the visual
input. We assume that the visual input provides high-level information: red objects
are identified and information on their perimeter and their barycenter is provided
to the network. The network of neurons is a topographic map of 9 neurons which
activate when the object barycenter is within the spatial region associated with them.
The input image is thus divided in a regular grid of 9 compartments which define
the receptive field of each neuron.

The network of spiking neurons, including visual target approaching, is shown
in Fig. 6.16. Unconditioned stimuli for target approaching are indicated as TL and
TR (left and right): they are range finder sensors, which detect the distance from the
target if the robot is within the proximity range outlined in Fig.11(a). The whole
network is now divided in three layers: sensory neurons, inter-neurons and motor-
neurons. In addition to the plastic synapses of the obstacle avoidance layer, the
weights of the synapses between sensory visual neurons and inter-neurons are also
modulated by the STDP rule. The other weights are fixed.

It has been assumed that the visual input is the result of a segmentation algorithm
through the graphical interface of the simulator, which is solved at the level of sen-
sory neurons. This can be assumed to be feasible, since, with current technology, it
is possible to draw image segmentation within the interframe rate [2].
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Fig. 6.16 Network for target approaching based on visual input. DL, DR, CL and CR indicate dis-
tance/contact left/right sensors. They have been renominated with respect to Fig. 6.12, in which
they were indicated as CSL, CSR, USL and USR, because now unconditioned stimuli are represented
by proximity target sensors (TL and TR) and the conditioned stimulus is the visual input.

6.3.4.2 Target approaching: simulation results

In this Section, simulation results focusing on target approaching are shown. We
describe several simulations carried out to test the behavior of the robot in a generic
environment with randomly placed obstacles and in specific cases, when for instance
there is a target difficult to find. In any case, when there are multiple targets in the
environment, to avoid that the robot stops at a target, once it is reached, this target
is deactivated. The target is then reactivated when a new target is reached.

The first experiment refers to the environment shown in Fig. 6.17. The trajec-
tory followed by the robot in this environment in the first phase of the simulation
(i.e. when the robot has not yet learned to use visual input) is shown in Fig. 17(a).
After learning, the robot follows the trajectory shown in Fig. 17(b). In the case of
Fig. 17(b) instead of proceeding in the forward direction as in Fig. 17(a), at point A
the robot rotates since it sees the target that it will reach at point D. This is shown
in Fig. 6.18, which reports the robot camera view at point A and the visual input:
the target is visible on the right, hence the robot follows a different trajectory with
respect to the case of Fig. 17(a). Figure 6.19 compares the number of targets found
when the network is trained and when it is not trained. Clearly, visual target ap-
proaching allows a greater number of targets to be found.

A long run simulation is shown in Fig. 6.20, where there are six targets and five
obstacles. The whole trajectory of the robot is shown. It can be noticed that, after
learning the target approaching tasks, the robot follows a quite stereotyped trajectory
which allows it to visit all the targets avoiding the obstacles. It is worth noticing that,
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(a) (b)

Fig. 6.17 Trajectory followed by the robot with visual target approaching control: (a) without
learning; (b) after learning. Targets are indicated with small red rectangles inside a circle repre-
senting their visibility range.

(a) (b)

Fig. 6.18 (a) Robot camera view at point A of Fig. 17(b). (b) Visual input: the small rectangle
indicates that the red object has been identified as a target.

in this case, on the long run, the robot has learnt an optimal trajectory to visit all the
targets.

To further test the behavior of the network controller for target approaching, a
simulation environment (shown in Fig. 21(a)) with only two targets is considered.
Since a target is deactivated once reached, at each time step only a target is active and
the robot is forced look for it. Since one of the two targets is hidden by three walls,
this simulation allows us to investigate the behavior of the robot when there is a
target difficult to be found without visual targeting. The comparison between targets
found with and without learning, shown in Fig. 21(b), demonstrates the efficiency
of learned visual feedback. It can be observed that after learning the robot is able
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Fig. 6.19 Number of targets
found with or without vi-
sual input (environment of
Fig. 6.17).
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Fig. 6.20 Long run simu-
lation of target approaching
showing how at the end of the
simulation the robot follows a
stereotyped trajectory which
allows it to visit all the targets
avoiding the obstacles.

to find the targets more easily. In fact, the robot, with range finder sensors, trained
without visual input, has to wander for long time before approaching the target: as
it can be noticed in Fig. 21(b) before learning (dashed curve) the robot for a long
time interval (500 < t < 10000 simulation steps) does not find the target hidden by
the two walls.

6.3.5 Navigation with visual cues

In this Section the use of a network of spiking neurons for navigation based on visual
cues is investigated. The objective is to learn the appropriate response to a given
visual object which then can become a landmark driving the robot behavior. We refer
to the animal behavior observed in experiments in which rats have to find a food
reward in a T-maze. In such experiments [50], depending upon training conditions
and on “what is invariant throughout the trials” [44], different cognitive responses
can be observed: if the food is always in the right arm of the maze, the animal learns
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Fig. 6.21 (a) Environment referred to the second set of simulations for target approaching. (b)
Number of targets found with or without visual input.

an egocentric motor response (i.e. a right-turn response which does not depend on
the environmental cues); if the two arms of the maze are physically distinguishable
and the cue position is always correlated with the food position, the animal learns
to rely on the cue to choose the turning direction; finally, the animal can also learn
to rely on extra-maze cues with a response which is triggered by place recognition.

In particular, we take into account a T-maze in which the target (again a red
object) is in one of the arms of the T-maze, and a yellow object is positioned on the
front wall in slightly different positions. Depending on the position of this yellow
object and of the target, the yellow object can be considered a meaningful or useless
visual cue.

The scheme of the spiking network for this navigation task is shown in Fig. 6.22.
There are now two layers of class I excitable neurons which process the visual input.
In particular, the first layer (bottom, left-hand side in Fig. 6.22) exactly acts as in
the network of Fig. 6.16: neuron spikes code the presence of a red object in the
receptive field of the neuron. We assume that it is a priori known that red obstacles
are targets, i.e. we assume that the visual targeting association task has been already
solved. The second layer of neurons acts in parallel with the first one. Neuron spikes
now code the presence of a yellow object in the receptive field of the neuron. The
neurons belonging to this layer are the focus of training and the synaptic connections
between the neurons of this layer and the inter-neurons are updated according to
the STDP synaptic rule. By updating these synaptic weights the robot has now to
learn the appropriate turning direction in correspondence of a given yellow object.
A synaptic weight is increased when after a turn the robot sees the target.

We focus on different training environments, based on T-mazes, in order to learn:
visual cue-based response or egocentric motor response.
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Fig. 6.22 Scheme of the spiking network for navigation with visual cue.

In correspondence of the T bifurcation there are yellow marks placed in the front
wall. These objects are landmark candidates, since they can became landmarks if,
after successive presentations of the environment configuration, the robot discovers
a relationship between the yellow mark and the target position.

As occurs in animals, a given cue/target relationship can be learned if the ani-
mal (robot) faces the situation several times. For this reason, the learning protocol
consists of several training cycles, Each trial stops either when the robot reaches the
target or the end of the incorrect arm. The first case occurs when the robot has per-
formed the right choice at the T bifurcation, while the opposite holds for the second
case, in which the robot does not find the target. At the beginning of the training the
robot finds the target in the 50% of the trials. During the first 10 training cycles, the
robot’s ability to find targets does not change significantly. After 13 training cycles,
the robot has already learned the association and finds the target in all the follow-
ing trials. However, in this case the robot turns in proximity of the T bifurcation.
If learning proceeds (in particular after 16 training cycles), the robot learns to turn
before reaching the T bifurcation (as shown in Fig. 6.23).

The navigation abilities of the robot after learning were further evaluated on a
maze in which the target can be found by following visual cues. These cues are
placed in the opposite side with respect to the correct arm. We let a simulated robot
to navigate in this maze; the simulated robot has been learnt in the simulation en-
vironment of Fig. 6.23 which takes into account the same rule needed to solve the
maze. As shown in Fig. 6.24, the robot is able to successfully navigate in the maze
and find the target.
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Fig. 6.23 Trajectories followed by the robot for two different cases. The robot learns to turn in the
opposite side with respect to the landmark.

Fig. 6.24 Trajectory followed
by the robot in a maze which
can be solved relying on
visual cues. Visual cues are
oppositely placed with respect
to the right choice as in
the training environment of
Fig. 6.23.

6.4 Application to landmark navigation

As already discussed, either for animals or for artificial agents the ability to navigate
is crucial in order to move autonomously in the surrounding environment. Many
animals have proved to be very good at navigating through significant places using
a combination of different strategies in their environment, despite of their simple
brain structure [15, 40, 16].

In this section, we applied the reactive model for navigation and the STDP learn-
ing rule to create correlation among stimuli in order to formalize an homing strategy:
homing is a term that robotics has borrowed from biology [19, 56]. It is usually used
to describe the ability of various living beings to come back to their nest once ac-
complished other tasks, like foraging.
Experimental results have shown that animals, in particular insects and rodents, ap-
ply geocentric coordinate systems in navigating [57, 10, 1]: ants and bees, for ex-
ample, use a sun compass system exploiting the polarization pattern of the sky. In
this way, they build a coordinate system adopting an absolute direction. For land-
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mark navigation rodents seem to use knowledge of distance and direction relative to
the landmarks, whereas insects are supposed to receive this information in an indi-
rect way, namely, by image matching. From a biological point of view, the study of
insect navigation is subdivided according to the different strategies and modalities
used by insects for the homing task. Two of the primary modalities are path inte-
gration (i.e. dead reckoning) and the use of visual landmarks. Path integration is the
application of orientation and odometry to determine the distance and the phase rel-
ative to the target position, e.g. the nest. To correct the loss of precision due to this
open loop mechanism, especially in proximity of the nest, insects rely on the visual
field, matching the current visual pattern with that one which they have previously
stored in memory [58]. In general, two paradigms have emerged to describe visual
homing in insects. Möller defines these as the template and parameter hypotheses.
The template hypothesis [15] assumes that an image taken from the goal is stored
as the representation for that position. This image is fixed at the retinal positions
at which it was originally stored. The parameter hypothesis [1] assumes that some
set of parameters is extracted and stored as the representation for the goal position.
According to the terminology of Franz and Mallot, this type of navigation is called
guidance, which consists in finding a nonvisually marked location using knowledge
concerning its spatial relation to visible cues.
The problem of determining which of the visual cues present in the environment
could be considered as reliable landmarks has been addressed by processing the
external information through a simple network of spiking neurons with dynamic
synapses plastically tuned by an STDP algorithm: it allows a synaptic connection
between two neurons to be reinforced if there is a causal correlation between the
spiking times of the two neurons. In particular, the learning process establishes
correlations between the incoming stimuli representing features extracted from the
scenario and the nest. This kind of approach has already been used to model the
paradigm of classical conditioning with a system able to associate the correct re-
sponse to high-level (conditioned) stimuli, starting from a priori known responses
to low-level (unconditioned) stimuli [7]. To this aim, successive repetitive occur-
rences of the stimulus lead to reinforce the conditioned response, according to the
paradigms of classical and operant conditioning [41, 30]. Once established the land-
marks, the agent acquires the geometric relationships which hold between them and
the goal position. This process defines the parameters for a recurrent neural network
(RNN) which drives the robot navigation, filtering the information about landmarks
given within an absolute reference system (e.g the North) in presence of noise. The
task of the network investigated in this work is to find a location S starting from
any position within the (two-dimensional) workspace. This location is not visually
marked, but its position relative to other, visible landmarks is known. When the
absolute reference is not available, a safety mechanism acts to control the motion
maintaining a correct heading.
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Fig. 6.25 Network for landmark identification in the case of Ni = 1: the arrows at the bottom of
this figure represent the stimuli (Ii) from the sensor detecting the presence of the target (i = 1) and
of the visual cues (i = 2, ...,NS). Each circle indicates a class I excitable neuron. The connection
in black between neurons indicates that the corresponding weight is fixed while the connection in
gray indicates that the corresponding weights are plastic, according to the STDP learning rule.

6.4.1 The spiking network for landmark identification

The first phase of the proposed algorithm is devoted to landmark identification. The
mathematical model of the network of spiking neurons responsible for the landmark
identification. For this purpose, at each time step of the agent, we assume to have
information about the presence of some specific visual cues within the navigation
environment, thanks to some pre-processing mechanism of the visual stimuli. Each
different visual cue, extracted during the time evolution, is considered as a landmark
candidate and, if repetitive presentations in proximity of the target occur, the agent
recognizes that it is stable in time and space and thus it can be considered as a
landmark.
The network model consists of two layers of spiking neurons. The first layer is made
of NS neurons: the first neuron is activated by the receptor for the target detection.
The second group of the first layer plays the role of sensory receptor for the different
visual cues: in particular, each neuron is activated by the detection of the presence
of a specific visual cue. The second layer is made of Ni inter-neurons (in our model
Ni = 1) used for setting up the correlation between visual cues and the target, i.e.
the nest (Fig. 6.25). Each neuron is modeled by the Izhikevich neuron model [30]:

Class I excitable neurons are selected, since the frequency rate of class I excitable
neurons may be used to encode any measured quantity by means of the firing fre-
quency, in order to fuse sensory data at the network input level (neuron parameters
are chosen as a = 0.02, b =−0.1, c =−55, d = 6).
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(a) (b)

Fig. 6.26 (a) Spatial map of three landmarks M1, M2, and M3, a source location S, and the actual
position of the agent P. Vectors Mnm connect the landmarks, vectors Sn connect the source with
the landmarks, and vectors Pn connect the actual position of the agent with the landmarks. (b) The
recurrent neural network for navigation. Only the net for one component (x or y) is shown. Input
values are Pn(k) or Sn; output values are Pn(k + 1). The harmony values H, used to determine
the network performance, are determined by a separate system (dashed lines). Stars symbolize
summation of squared values. See text for further explanation.(The figure is reported from Chapter
4).

Fig. 6.27 a. Schematic configuration of navigation environment. The triangle symbolizes the tar-
get, stable visual cues are represented with red, green, blue, orange and purple rectangular objects,
while objects in black, yellow and cyan represent visual cues randomly placed at each iteration. b.
Route of the agent during the environment exploration phase. The visual cues not recognized as
stable landmarks are discarded in the successive map creation phase.

In our network, we fixed the weights related to the neuron activated by the target:
in particular ws

11 = 8. The other synaptic weights ws
1 j ( j = 2, ...,NS) are allowed

to be plastic according to the STDP rule previously introduced. In our simulations,
parameters A− and A+ are fixed at values A− = −0.02, A+ = 0.02, while τ+ = 20
and τ− = 10.
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6.4.2 The recurrent neural network for landmark navigation

In order to solve the guidance task, we implemented the recurrent neural network
proposed by Prof. H. Cruse and introduced in Chapter 4. In order to describe
how this network can be applied to a navigation task, as illustrated in a previous
work [17], we assume that the agent knows the relative position of landmarks Mn
(n = 1...Nl , in the example we use Nl = 3) and of an additional, not visually marked,
location S, the location of a food source (see Fig. 26(a)).
This knowledge has been acquired through earlier learning and is stored in the form
of vectors Mnm, pointing from landmark n to landmark m, and the vectors Sn, point-
ing from landmark n to the source S. Furthermore, we assume that the agent is able
to determine Nl vectors Pn(k) that point from each landmark Mn to the actual posi-
tion P of the agent. The complete network consists of two individual, independent
sub-networks, one for the x cartesian components and the other for the y cartesian
components of vectors (Fig. 26(b)) built using the North direction as the y-axis and
one of the landmark as the origin. Each sub-network contains three units or neu-

0 1000 2000 3000 4000 5000
0

1

2
Cyan (moving) cue

0 1000 2000 3000 4000 5000
0

1

2
Yellow (moving) cue

0 1000 2000 3000 4000 5000
0

1

2
Black (moving) cue

0 1000 2000 3000 4000 5000
0

0.5
1

1.5
2

Blue cue

0 1000 2000 3000 4000 5000
0

1

2
Green cue

0 1000 2000 3000 4000 5000
0

1

2
Red cue

0 1000 2000 3000 4000 5000
0

1

2
Purple cue

0 1000 2000 3000 4000 5000
0

1

2

Simulation cycles

Orange cue

weight value

Fig. 6.28 Evolution of synaptic weights during simulation steps. Visual cues that are stable in time
and in space and near the target have weights values over the fixed threshold = 1.5 while the other
visual cues have no significant synaptic values.

rons Pn(k) (n = 1,2,3). The scalar values Mnm represent the components stored in
memory, while the initial condition Pn(0) are set by the current measurement of the
agent-landmarks distances. The following equations show the mathematical struc-
ture of the model; they represent a linear model in which weights wnm are arbitrary
but fixed.

P1(k +1) =
w11P1(k)+w21(P2(k)−M21)+w31(P3(k)−M31)

w11 +w21 +w31
(6.16)

P2(k +1) =
w12(P1(k)−M12)+w22P2(k)+w32(P3(k)−M32)

w12 +w22 +w32
(6.17)

P3(k +1) =
w13(P1(k)−M13)+w23(P2(k)−M23)+w33P3(k)

w13 +w23 +w33
(6.18)
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The network has recurrent connections, i.e. for each cycle of simulation, the out-
put values Pn(k + 1) are given to the input (Pn(k)← Pn(k + 1)). Furthermore, the
network receives, through sensors, the measures of vectors Pn(k) which, in general,
do not point to the same position in the plane. This case demonstrates a fundamental
property of this network: after an arbitrary input is switched off, the network, after
some iterations, relaxes towards a stable state. The most important property of this
net is that, after relaxation (say, when k = k), all output vectors Pn(k) point to the
same position in space even if the input values pointed to different locations.

The speed of the relaxation depends on diagonal weights (the higher the weights
wnn, the slower the relaxation). In our calculation we use, as suggested by Cruse
[17], wnm = 1 if n 6= m and wnm = 10 if n = m.

When the absolute reference is not available, a safety mechanism acts to control
the motion maintaining a correct heading. This is briefly showed in the following.
The model uses local and sensory information that correlate the current position of
the agent, the target and the perceived environment.

In solving the guidance task, many bio-inspired models have been developed to
emulate insect’s behavior. The model, proposed in this section, refers to the param-
eter hypothesis; as said above, the parameter hypothesis assumes that some set of
parameters is extracted and stored as the representation for the goal position. In
particular:

• it uses simple sensory information (distances and angles);
• it needs at least 3 landmarks in the environment to build an egocentric coordinate

system;
• it needs, compared with other models, less computational resources: it’s eco-

nomic and attractive for robotic applications.

The structure is divided into two parts: the first part concerns the memorization
of the target position array with respect to landmarks in terms of relative distances
and angles; the second part relates to the reaching of the target position. Despite of
the RNN model described in section 6.4.2, we operate with vectors, i.e. distances
and angles, and not in terms of x and y coordinates. The features of the model are
explained in the following. Once the model has estimated the distances between
landmarks and target (Fig. 26(a)), the model stores these information in two separate
arrays, named x̂ and x̂target (Fig. 26(a)):

x̂ =

(
P1 P2 P3

α β γ

)

x̂target =

(
S1 S2 S3

αt βt γt

)

During navigation, the model updates the values of the vector x̂ trying to reduce
the discrepancy with the x̂target array. So, the navigation control is actuated through
the comparison of the two arrays; in particular, at iteration h, for the landmark j,
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the model evaluates the difference between the two arrays in order to decide how to
move:

steph j = X̂i( j)− X̂target( j) (6.19)

where x̂i( j) indicates the jth column of the vector x̂ evaluated at the step h. For
each iteration, the movement of the agent is determined by the algebraic sum of
steph j on all visual cues:

steph = ∑
j

steph j (6.20)

After moving, the model updates arrays x̂, measuring current distances and an-
gles. The procedure stops when the agent reaches the nest, i.e. x̂ = x̂target . The pe-
culiarity of such algorithm is that it does not need an absolute reference system and
uses only visual information. However, as said above, it needs at least three land-
marks, even if not contemporary visible by the agent. For a geometrical overview of
the model, refer to Fig. 26(a).

6.4.3 Simulation results

The simulations were made in an arena of 200× 200 pixels, filled with colored
objects. These objects are considered as visual cues, some of which are fixed, while
others can move into the environment. In particular, for simulations reported here,
the number of visual cues distributed in the environment is fixed at eight: three
visual cues have been located near the target and are stable in time and space, other
two visual cues have been considered stable but quite far from the target position,
while the remaining visual cues have been randomly placed in the arena and are
considered as moving objects. The agent is able to detect the presence of the target
within a radius of 10 pixels (i.e. low level target detection sensor) while for landmark
detection a visibility cone has been defined, centered on the front side of the robot
and with a range of [−45◦;+45◦].

The simulated robot, during the exploration phase, is controlled by a reflexive
navigation strategy like the Weak Chaos Control and the movement, in absence of
stimuli, is guided by the evolution of the chaotic system. This behaviour permits a
complete exploration of the area. In the following subsection we report the simu-
lation results related to the landmark identification, while in subsection 6.4.3.2 we
show the results related to the two navigation approach using the landmark previ-
ously identified as the most reliable.
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6.4.3.1 Landmark identification

At each simulation step, if the target is within the detection range of the agent, the
input for the target detector neuron is I = 30. In the case of visual cues, if the of the
visibility conditions are respected, the input of visual cues detectors is a normalized
distance, so that the input of these neurons is I j = 50e−γd j , where d j is the distance
in pixels between the robot and j-th visual cue. It has been chosen γ = 0.02, so that
the range in which visual cues detectors approximatively begin to fire is approxi-
matively 30 pixels from the corresponding cue. Once the neuron inputs have been
calculated, a new simulation step is computed. For each simulation, the model be-
havior is simulated with a time window 300ms. Simulation cycles have been fixed
at 5000. The simulation environment is represented in Fig. 6.27.

During the phase of landmark identification, the robot explores the environment
while the STDP rule updates weight values. The simulation stops after 5000 steps
of the agent if at least 3 visual cues have overcome the threshold of 1.5. In Fig. 6.28,
the evolution of synaptic connection values during simulation is illustrated. So, the
model is able to distinguish correctly which of the visual cues are reliable landmarks
and which are not.

6.4.3.2 Landmark navigation

Egocentric system with absolute reference
Once three visual cues have been selected as reliable landmarks, the network of

Fig. 26(b) can be used to solve the guidance task. When the simulated robot after
a foraging task, needs to return to its home (e.g. for recharge its battery), it looks
for a landmark. When one of the reliable landmarks is identified, its position with
respect to the absolute reference system created with a compass sensor, is passed to
the RNN. This information is used to substitute one of the inputs of the recurrent
network. The stimulation is applied for only one step and the net has time to relax
for the subsequent k−1 steps of relaxation (i.e. no input is given during that time).
In our simulations, we let the network evolve for k = 20 step of relaxation. After
the relaxation, the new output Pn(k) points to a position that is nearer to S compared
with the actual position P.

The redundant structure of the system also gives rise to another interesting prop-
erty of the network. If this landmark, during the simulation, becomes not visible due
to, for example, occlusion or noise, another can be identified and selected.

The result of the navigation control, driven by the two RNNs (i.e. one for each
cartesian coordinate of the absolute reference system built on the knowledge of the
North), is shown in Fig. 6.29 where the trajectory of the robot, during the homing
phase is reported.

As said above, the model can work well even if there is a single visible landmark
in the environment. The advantage of using more than one landmark, i.e. redundant
information, is due to the possibility of filtering some types of noise that can affect
the sensory system of the agent. In order to test the model robustness against noise,
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Fig. 6.29 a. Egocentric system without absolute reference: the initial configuration with the three
recognized landmarks and the start position of the agent. b. Trajectory followed by the agent:
at each time step, one (randomly chosen) landmark, say Mi, is visible and the coordinate of the
distance vector Pi set the initial condition Pi(0) for the x-coordinate RNN and for the y-coordinate
RNN (see text for details). Harmony value is shown for 600 iteration cycles.

two types of noises have been introduced: noise on distance estimation Mi j and Si,
stored in memory, and in the measurement of Pi, acquired at each iteration. In Fig.
6.30, the model results are shown when the sensory system is affected by both types
of noise. The model has been tested with increasing values of noise, with a variation
on measures due to noises that reach a maximum value of 50% with respect to the
correct measures.

The model seems to be able to navigate very well even if there are significant
noisy signals acquired by the sensory system.

Egocentric system without absolute reference
When the absolute reference is not available (e.g. either the compass sensor is not

equipped on the robot or the environmental conditions don’t permit such a measure),
the agent can utilize, for navigating in the environment, an alternative navigation
model, according to the parameter hypothesis, that makes use of local and sensory
information to build an egocentric coordinate system. Fig. 6.31 shows an example
of the trajectory of the agent in the case of three landmarks navigation control based
on the egocentric model without the absolute reference. In this case, the Harmony
index, has been defined an indicator for the relaxation to target, i.e, the sum of square
error, which measures the discrepancy between the two arrays X̂ and X̂target .

As in the previous case, the model has been tested with different levels of noises
on the sensory system (see Fig. 6.32), demonstrating the navigation ability in this
extremely difficult environmental conditions.
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Fig. 6.30 Egocentric system with absolute reference: example of trajectories in presence of dif-
ferent levels of noise in the estimation of Mi j , Si and in the measurement of Pi at each step
(i, j = 1,2,3).

Fig. 6.31 Egocentric system without absolute reference: example of the trajectory using three
landmarks. At each time step, all the three landmarks are visible and agent estimates distances
and angles with respect to landmarks and moves in order to obtain the equilibrium of reaching the
target(see text for details). Dynamic error value is shown for 20 iteration cycles

6.5 Conclusions

In this Chapter we discuss on the basic and correlation layers of the cognitive archi-
tecture that will be formalized in Chapter 7.
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Fig. 6.32 Egocentric system without absolute reference: example of trajectories in presence of
different levels of noise in the estimation of Mi j , Si and in the measurement of Pi at each step
(i, j = 1,2,3).

The discussion is structured into three main blocks. The first one concerns the
application of dynamical systems to model reactive and precognitive behaviours.
The second one is focused on the correlation mechanisms used to create temporal
dependencies among different stimuli and consequently different motor responses.
Finally an application to landmark navigation is proposed to fuse together reactive
behaviours and anticipation mechanisms.

As presented in the first part of the Chapter, the problem of multi-sensory in-
tegration has been treated using a new technique called weak chaos control. This
approach takes inspiration from the Freeman’s theory of brain pattern formation,
although it makes use of a more abstract model, and has been applied to a navi-
gation control problem. The phenomenon of encoding information stabilizing the
unstable orbits endowed in a chaotic attractor has been investigated. The multiscroll
chaotic system was chosen for its simple model and for the possibility to extend
the emerging multiscroll attractor to one, two and three dimensions varying also
the number of scrolls. The feedback from the environment has been introduced by
using a continuous multi-reference chaos control technique based on the Pyragas’
method. Extending the discussion for the double scroll to a general nxm scrolls con-
figuration. The analytical study has been exploited to develop a reactive navigation
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layer for a roving robot. The robot behavior during a food retrieval task has been
evaluated in a 3D simulation environment.

In the second part of the Chapter, a network of spiking neurons for robot naviga-
tion control is introduced. In particular, by using stimuli of increasing complexity,
a system based on spiking neurons and able to implement three local navigation
skills (obstacle avoidance, target approaching and navigation with visual cue) has
been considered. For all the tasks a priori response to low level sensors (i.e. con-
tact sensors in the case of obstacles, proximity target sensors in the case of target
approaching or visual targets in the case of navigation with visual cues) is known
and the robot has to learn the response to high level stimuli (i.e. range finder sensors
or visual input). The learning mechanism of these networks is provided by STDP,
which allows unsupervised learning to be realized in a simple way.

Our approach is a bottom-up approach: we searched for the minimal structure
able to implement the desired behaviors. From our analysis we can conclude that
a system of spiking neurons with plastic synapses can be used to control a robot
and that STDP with additional mechanisms can be used to include plasticity in the
system, learning temporal correlation among stimuli.

We believe that the introduced approach can provide efficient navigation control
strategies with very simple unsupervised learning mechanisms and at the same time
can constitute a constructivist approach which can be interesting for studies on nav-
igation strategies. The approach is constructivist in the sense that the same network
structures for the low level tasks are duplicated for dealing with the high level tasks
which are based on the acquired (developed) capabilities. Furthermore, this strategy
encourages the use of parallel structures which can be included for instance to take
into account other visual cues.

Finally we applied the reactive and the correlation layers previously described
to formalize a new methodology for adaptive bio-inspired navigation. According to
experiments performed with insects, these are capable to use different kinds of in-
formation to focalize the nest position, in order to reach it from different distances.
The introduced methodology make in evidence how to integrate different simple be-
haviors and learning algorithms, to obtain more complex pre-cognitive capabilities.

The proposed simulation shows how a simulated robot can distinguish reliable
landmarks in an adaptive way for homing porpoises. This means that moving or dis-
tant objects are discarded, while fixed ones are kept. This initial setting of the land-
mark configuration is then applied to a recurrent linear network in order to guide the
robot to the nest. The network, although very simple, shows interesting capabilities
to filter out noise, even at a relevant level. The robustness of the approach is rele-
vant, also since the reliable working is guaranteed also when the landmarks are not
always all visible by the agent. Experiments with roving robots have been carried
out to verify the simulation results; details on the hardware experiments are given
in Chapter 11.
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