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Adaptation of Orienting Behavior: From
the Barn Owl to a Robotic System

Michele Rucci,Member, IEEE,Gerald M. Edelman, and Jonathan Wray

Abstract—Autonomous robotic systems need to adjust their
sensorimotor coordinations so as to maintain good performance
in the presence of changes in their sensory and motor character-
istics. Biological systems are able to adapt to large variations in
their physical and functional properties. In the last decade, the
adjustment of orienting behavior has been carefully investigated
in the barn owl, a nocturnal predator with highly developed audi-
tory capabilities. We have recently proposed that the development
and maintenance of the barn owl’s accurate orienting behavior
can be explained through a process of learning based on the
saliency of sensorimotor events. In this paper we consider the
application of a detailed computer model of the principal neural
structures involved in the process of spatial localization in the
barn owl to the control of the orienting behavior of a robotic
system, in the presence of auditory and visual stimulation. The
system is composed of a robotic head equipped with two lateral
microphones and a camera. We show that the model produces
accurate orienting behavior toward both auditory and visual
targets and is able to quickly recover good performance after
alterations of the sensory inputs and motor outputs. The results
illustrate that an architecture specifically designed to account
for biological phenomena can produce flexible and robust motor
control of a robotic system operating in the real world.

Index Terms—Adaptive control, autonomous calibration, neu-
ral networks, spatial localization.

I. INTRODUCTION

T HE variability of the world presents a major challenge to
researchers involved in the development of autonomous

robotic systems. These systems need to possess a high degree
of flexibility in order to adapt to the continuously changing
conditions of the environment and of their own sensors and
motors. In the course of evolution, nature has faced the very
same problems engineers and computer scientists are currently
encountering. As a result of millions of years of natural
selection, systems have emerged that are highly flexible in
the face of variable phenotypic and environmental conditions.

Although there is no doubt that the understanding of the
basic principles of how brains operate and adapt to the environ-
ment will lead to a major revolution in the design of artificial
systems, and despite the existence of many problems common
to both robotics and neuroscience, so far only occasional
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interaction has occurred between these two fields (see for
example [1]–[4]). Recently, neuroscientists have turned to
the use of robotic systems as a way to quantitatively test
and analyze theories that would otherwise remain specula-
tive. According to the approach of synthetic neural modeling
(SNM) [5], [6], theoretical neural principles are investigated
by coupling computational models of brain structures with
systems interacting in the real world. This approach differs
from connectionist approaches (see, for reviews, [7], [8]) in
its degree of biological realism, and arises from the need to
simultaneously examine multiple brain regions and various
levels of control in freely behaving animals over long periods
of time. This is an operation that, although crucial to the
comprehension of how brain function and behavior interact,
is currently not feasiblein vivo due to technical limitations.
SNM establishes a direct link between the neurosciences and
engineering that, while providing neuroscientists with new
insights into the functioning of neural systems, can offer new
ideas to researchers in AI and robotics.

In this paper, by focusing on the case of adaptation of
orienting behavior, we provide an example of how an archi-
tecture specifically designed to replicate a biological system
can produce robust and flexible motor control of a robotic
system. The system that we describe is based on a model
of some neural structures in the brain of the barn owl. It is
able to orient toward auditory and visual targets and maintain
accurate performance in the face of drastic sensorimotor
manipulations. This provides one of the earliest examples of a
robotic system efficiently controlled by an accurate model of
specific structures of the brain.

A. Orienting Behavior in Robotic Systems

Orienting behavior is the motor action by which visual
sensors are redirected toward a target. In the presence of
sensors with anisotropic resolution similar to eyes of verte-
brates [9], orienting behavior allows the examination of the
target with the fovea, the region at the center of the visual
field with highest spatial acuity. Orienting behavior is also
important with uniform resolution sensors (see [10] for a
review), as it permits visual analysis of stimuli detected by
other sensory modalities. It also allows the allocation of the
available computational resources to a selected region of the
image, an important step toward the goal of achieving real-
time performance [11], [12]. In addition, as emphasized by
research in the field of computer vision, features of the visual
scene which are ambiguous in single views can be recovered
by controlling the direction of gaze [13]–[15]. Since targets
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may be perceived in any of the available sensory modalities,
redirecting the direction of gaze is not a trivial operation.
Different sensory inputs are represented in different manners,
as in activation of receptors of the eyes or cameras for vision
or in detection of spectral components of sound for audition.
In all cases, coordinate transformations are required to con-
vert sensory stimuli into corresponding motor outputs. These
transformations depend on the structure and characteristics of
the system under consideration, and they need to be tuned to
compensate for changes in the components of the system.

Calibration is a well-known procedure for evaluating trans-
formation matrices, and has been widely used with head-eye
(or hand-eye) systems to determine the relations between
image and motor coordinates [16]–[20]. Unfortunately, cali-
bration procedures often require the use of calibrating tools
and the interruption of the normal functioning of the system,
an operation which may not be feasible in specific applications.
In the last few years, within the framework of visual servoing
[21], [22], examples have been provided of systems that
operate efficiently even in the absence of accurate calibrations
[23]–[27]. In particular, methods of self-calibration have been
proposed that find the elements of the appropriate transfor-
mation matrices by analyzing changes in the input image
during measured movements [28]–[33]. These approaches do
not require the use of calibrating tools and are more suited for
autonomous systems operating in unstructured environments.
Moreover, in some of these methods calibration parameters
can be updated continuously while the system is executing
other tasks. However, the extension of such techniques to input
modalities other than vision is not immediately obvious. For
example, it is not clear how they could be applied to cases in
which input signals are not passively propagated through the
environment, as is the case with touch [34], or when signals are
not explicitly spatially organized, as in the auditory domain.

B. Spatial Localization and Orienting
Behavior in the Barn Owl

In the last two decades, neuroscientists have carefully in-
vestigated the process of spatial localization and orienting
behavior in the barn owl, a nocturnal predator with accurate
visual and auditory capabilities [35]. As with many other
species, there is little doubt that the barn owl learns to orient
toward targets on the basis of sensorimotor experience. During
growth, its body changes significantly in size and shape, and its
brain must constantly tune sensorimotor coordinations in order
to ensure accurate localization. This is particularly evident in
the case of auditory localization. Behavioral experiments have
shown that, unlike humans, barn owls rely on two separate
auditory cues for the localization of the azimuth and elevation
of a sound source: differences in the time of arrival of the
sounds at the two ears [interaural time differences (ITD’s)] are
used for localizing the azimuth, and differences in amplitudes
[interaural level differences (ILD’s)] are used for the elevation
(see [36] for a review). While the same basic cues for auditory
localization are used by all barn owls, their actual values
have been found to vary significantly among and within
individuals, because they depend on the size of the head and

the shape of the facial ruff of feathers. As these morphological
features change during growth, auditory localization must be
continuously tuned to compensate for corresponding changes
in cue values.

Fig. 1(a) schematically illustrates some of the structures in
the brain of the barn owl involved in spatial localization. Two
separate neural pathways process auditory and visual inputs
and converge in the optic tectum (OT). The OT, the equivalent
of the superior colliculus in mammals [37], is a structure
well known to be involved in the production of orienting
behavior. Within the auditory pathway, physiological inves-
tigations have shown the existence of two separate parallel
neural pathways specialized for the independent analysis of
ITD’s and ILD’s [38]. These pathways converge at the level
of the inferior colliculus, an auditory nucleus that projects
to the OT. Neurophysiological investigations have established
that neurons in the OT respond to visual and auditory cues
positioned in specific regions of the owl’s surrounding space
[39]. In addition, it has been observed that stimulation of OT
neurons produces movements of the head in specific directions
[40]. The spatial regions in which visual and auditory stimuli
activate a cell in the OT are usually referred to as the visual
and auditory receptive fields (RF’s) of the neuron, and the
mean direction of gaze elicited by micro-stimulations define
the so-called motor RF of the cell. It has been found that in
the OT of normal barn owls, cells are spatially arranged so
that the layout of their RF’s gives rise to auditory, visual and
motor maps of external space [39]. In addition, these maps
of space are usually found in close alignment with each other
[41]. That is, OT neurons are activated by sound sources at
spatial locations corresponding to the cells’ visual RF’s, and
elicit movements of the head toward these same locations. In
this way, the perceived position of a stimulus is converted
into a corresponding movement which orients the head and
the eyes toward the target.

In order to understand the mechanisms underlying learning
and adaptation of orienting behavior, experiments involving
manipulations of the sensory inputs have shown that young
barn owls are able to adapt to drastic alterations of their
sensory conditions [42]. These experiments have also revealed
a neural correlate of the adaptation of orienting behavior in the
reacquisition of alignment between sensory and motor maps in
the OT [43]–[45]. Analysis of the brains of barn owls raised in
the presence of chronically altered sensory conditions have led
to the identification of specific sites in which neurons change
their patterns of connectivity on the basis of sensorimotor
experience [46], [47]. These modifications are responsible for
the readjustment of visual, auditory and motor RF’s in the OT.

Based on a careful study of the barn owl literature, as well
as on a large body of biological evidence in different species,
we have recently proposed [48] that the development and
maintenance of accurate spatial localization can be explained
in the context of a neurobiologically-based paradigm of rein-
forcement learning [49], [50], which we callvalue-dependent
learning [6], [51]. According to this paradigm, signals related
to the saliency of sensory and motor events are broadcast
by diffuse projecting systems to many parts of the brain,
where they modulate changes in the strengths of connections
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(a) (b)

Fig. 1. The main neural structures involved in spatial localization in the barn owl and the modeled system. (a) In the brain of the barn owl, similarly to
the brain of many other species, projections from visual and auditory structures converge in the optic tectum (OT), which, in turn, projects to motor nuclei
(MN) that control the movement of the head. The visual pathway (grey arrows) is composed of direct projections from the retina to the OT. Within the
auditory pathway (black arrows) different structures are specialized for processing ITD’s and ILD’s. These two separate pathways converge at the level of
the internal nucleus of the inferior colliculus (ICc), which projects to the external nucleus (ICx) and from there to the OT. The ILD pathway (dashed arrows)
includes the nucleus angularis (NA) and the posterior lateral lemniscal nucleus (pNLL). The ITD pathway (solid arrows) includes the nucleus magnocellularis
(NM) and the nucleus laminaris (NL). (b) The robotic system considered in this paper was composed of a mobile head equipped with two microphones
and a camera. Movements along the pan axis of the head were controlled by a model of the owl structures involved in the localization of the azimuth.
Both the visual and ITD auditory pathways to the OT were included (see text for details).

among neurons. The proposal that the adaptation of orienting
behavior occurs through a mechanism of value-dependent
learning does not require biologically unrealistic computations
and is consistent with what is presently known about the
neuroanatomical organization of the auditory pathways to the
OT in the barn owl. This hypothesis is supported by the results
of simulations of a computer model of the neural structures
involved in the generation of orienting behavior in the owl,
which are in agreement with a wide range of physiological
data [48].

In the present paper, we consider the application of a more
complete version of this model to the control of the direction of
gaze of a robotic platform, in the presence of both auditory and
visual stimulation. The system that we consider is schemati-
cally illustrated in Fig. 1(b). A robotic head equipped with
a camera and two microphones is controlled by a computer
model of the neural pathways of the barn owl involved in
the localization of the azimuth. Adaptation in the model is
achieved by allowing synaptic modifications to occur in those
structures which have been observed to be plastic in the barn
owl. According to the proposed learning scheme, synaptic
strengths in the model were influenced by the activity of
a diffuse projecting modulatory system which signaled the
occurrence of behaviorally salient events, such as successful
foveation. We show that, independent of the characteristics
and the precise relative arrangements of the components of the
robot, the model develops accurate and robust localization in

the presence of different sensorimotor conditions, and quickly
recovers good performance after manipulations of sensory and
motor characteristics.

In the following section, we describe in detail how the main
brain structures of the owl involved in spatial localization have
been modeled. In Section III, we present the results of the
application of the model to the control of the robotic system.
Finally, a brief discussion is included in Section IV.

II. M ODELING THE BARN OWL NERVOUS SYSTEM

As illustrated in more detail in Fig. 2, the model described
in this paper included the neural structures of the barn owl
involved in the localization of the azimuthal position of
a target. Each structure in the model was composed of a
collection of units, each implemented as a leaky integrator

(1)

where is the output of unit is a constant that
determines the decay of activation, is a noise term, and

is the net input to the unit, evaluated as

(2)

where is the activation of unit connected to unit
through the weight which represents the strength of a
synapse between the two units. The output, of a unit
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Fig. 2. The model of the barn owl’s neural pathways involved in the localization of the azimuth was designed so as to incorporate a large number of
physiological and anatomical data. Each area was composed of a collection of units, each implemented as a leaky integrator (see text for details). Solid
and striped circles represent excitatory and inhibitory units, respectively. Empty arrows indicate connections with modifiable weights. Inhibitory units at
the level of the optic tectum are not shown for clarity.

can be viewed as representing the average firing rate of a
collection of cells and its response properties can be considered
as representative of a typical cell within such a group. More
specifically, in most areas of the model, the net input to the
units was evaluated as

(3)

where different contributions are explicitly shown. The first
and second terms represent the contributions from excitatory

and inhibitory connections originating
from units in the same structure as unitThe third term rep-
resents excitatory inputs from neurons in different structures.

and are the excitatory and inhibitory neighborhoods of
unit defined as the sets of units with excitatory connections
(excitatory units) and inhibitory connections (inhibitory units)
that project to unit

Learning occurred in the model by modifying the strengths
of selected sets of connections on the basis of sensorimotor
experience. According to the proposed learning paradigm,
synaptic changes were affected by the activation of a modula-
tory system modeled after the diffusely projecting subcortical
structures such as the monoamingeric and cholinergic systems,
common to the brain of many species. The variable connection
weights of plastic synapses were initially set to random values
and then changed according to a modified version of Hebbian
learning [52] inspired by recent findings on synaptic plasticity
[53]

(4)

where is the activation of the modulatory system (described
later in this section) and is a linear piece-wise function
characterized by two thresholds and (see Fig. 3)

if
if
if
if

(5)

where and and are
positive real numbers. It follows from (5), that when the argu-
ment of is in between the two thresholds the function has a
negative value, thus inducing depression of synaptic strengths.
Above it assumes positive values, thereby potentiating the
connection. The thresholds were selected so that potentiation
occurred only for connections between units whose activity
was highly correlated when the activation of the modulatory
system was also high. This happened after a successful motor
action that brought the stimulus into the fovea, the center
of the visual field. By contrast, after a movement that did
not lead to localization of the target, connections between
highly correlated units tended to be depressed. For each unit,
the patterns of weights were periodically normalized. The
two terms of the argument of have different functional
implications: the first term, reflects alocal factor that
may be different for different connections; the second term,

is a global factor shared by all plastic synapses. While
the local Hebbian term is proportional to the role played by
specific sets of connections in the performed motor behavior,
the global term is a reinforcement signal that depends on
the behavioral outcome. Both factors are needed for selecting
the correct pattern of connection strengths and their relative
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(a)

(b)

Fig. 3. The learning rule used for changing the strengths of the connections
on the basis of sensorimotor experience. (a) The changes in the connection
weightwij between pre-synaptic unitUi and post-synaptic unitUj ; depend
on the activation of the two units and on the activation of the modulatory
unit V: (b) A linear approximation,�L; (dashed line) of a biphasic function
recently proposed for explaining synaptic plasticity [53] (continuous line), was
applied to the sum of the activation of the modulatory term and the correlation
of pre- and post-synaptic elements. Due to the learning rule adopted, only those
synapses that were active during successful saccades (those which brought the
stimulus on the fovea) were strengthened; all others underwent depression.

contribution is set by the values of the parametersand
Whenever an auditory or visual stimulus is present, the

activation of the input units propagates through the network
so as to trigger an orienting response. Before the exposure to
sensorimotor experience, when the connections have random
synaptic strengths, the direction of gaze is in large part
determined by the noise superimposed on the activation of
the units [see (1)]. Following each movement, connections
between highly correlated units (i.e., those connections which
gave a significant contribution to the selection of the motor
action), are strengthened or weakened depending on whether
a foveation event occurred or not, so as to increase or
decrease the likelihood of repeating the same action in similar
future situations. The influence of noise in unit activation
on the selection of movements decreases as the patterns of
connectivity become more specific.

In the remaining part of this section, we describe in detail
each of the modeled structures and how they relate to the
corresponding areas in the barn owl. Structures in the model
are indicated by italic characters using the names that refer to
the corresponding biological structures.

A. Nucleus Laminaris

As illustrated in Fig. 2, the modeled auditory pathway starts
with the nucleus laminaris (NL), which is the first station in
the ITD pathway of the barn owl where the signals from the
two ears are brought together [36], [54]. The reason for this

choice was that the activation of NL neurons can be accurately
predicted on the basis of the spectral components of the two
input signals. It has been observed that NL neurons in the
barn owl are most active at a preferred frequency and their
activation is a periodic function of the input ITD [54]. In
addition, it has recently been observed that the activity of
NL neurons is modulated by the intensity of the binaural
stimulation [55]. As in the barn owl, each NL unit was
characterized by a preferred frequency,and a preferred input
ITD, for which the response of the unit was maximal. For
binaural stimulation, when two signals and with
Fourier transforms and were
applied as inputs, the activation of an NL unit with

characteristic parameters was evaluated as

(6)

where is a monotonic function that controls the change
in firing rate for different amplitudes of the input signals,

is the difference of phase between the
left and right input signals at frequency and is

a Gaussian function with mean and variance
Following the physiological data from the barn owl, the NL

was modeled as a bidimensional array in which unit sensitivity
varied systematically with respect to frequency along one axis
and interaural time delays along the other. Within the map, the
unit at location was characterized by a preferred mean
interaural delay and by a preferred frequency

The activation of three units in the NL, as well as the global
patterns of activation in the NL map for two auditory targets
are shown in Fig. 4(a) and (b), respectively. As illustrated by
the figure, the patterns of activation are characterized by a
vertical array centered on the column composed of units with
preferred ITD equal to the input ITD value. The periodic peaks
of activation that change with the frequency of the lamina are
the result of the ambiguity in determining the difference of
phase of two time-delayed sinusoidal signals.

B. Central Nucleus of the Inferior Colliculus

Based on the known anatomy of the barn owl, the central
nucleus of the inferior colliculus (ICc) was modeled as a
bidimensional map containing equal numbers of excitatory
and inhibitory units. As in the NL, unit layout was such that
the sensitivity with respect to ITD and frequency changed
systematically along orthogonal directions, so that at each
frequency, an array of units (the frequency lamina) with
different preferred ITD values is present. As shown in Fig. 2,
excitatory units of the ICc received topographically organized
projections from the NL. Excitatory units also projected to
surrounding units in the ICc and to excitatory units in the
ICx, and received connections from inhibitory units in more
distant regions of the ICc map. The net input to unit
located in position in the ICc map was given by (3).
For an excitatory unit, the local excitatory and inhibitory
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neighborhood in (3) is given by

(7)

In practice, an excitatory unit received external input from
the unit located in position in the NL map; it received
excitatory connections with connection strength from ICc
excitatory units which were less than units distant on
the same frequency lamina; and finally, it received inhibitory
connections with strength from ICc inhibitory units located
at a distance between and in the same frequency lamina.
Inhibitory units received excitatory connections with strength

from excitatory units in The topographically organized
layout of connections from the NL gave rise to systematic
changes in the characteristics of ICc units. In agreement with
what has been observed in the barn owl [56], the preferred
ITD and frequency of ICc units changed along orthogonal
axes. The layout of ICc units implies that each array of units
perpendicular to the frequency axis, has an array-specific ITD,
representing the value of ITD that activates all the units of the
array at the same relative response level.

Fig. 4(c) illustrates the sensitivities of three ICc units to
different values of ITD. In accord with what occurs in the
ICc of the barn owl [38], unit activation was characterized
by a narrow frequency range and showed a periodicity with
respect to ITD, with the period determined by the neuron’s
preferred frequency. Two typical maps of activation in the ICc
for different auditory targets are shown in Fig. 4(d). The maps
are similar to the those in the NL, but due to the influence
of inhibitory connections the selectivity of ICc units is more
refined.

C. External Nucleus of the Inferior Colliculus

The external nucleus of the inferior colliculus (ICx), is
the first site in the ascending pathway to the tectum where
information is integrated across multiple frequency channels
to create an auditory representation of space. Given that
localization of the azimuth only was considered, the ICx
was modeled as a one-dimensional array of excitatory and
inhibitory units. As illustrated in Fig. 5, projections from
the ICc were topographically organized along the ITD axis.
Each ICx unit received connections from ICc units in all
the frequency laminae, but only from a limited range of
preferred ITD’s. The probability of a connection between
two units decayed with a Gaussian profile of the distance
between the ICx unit and the center of the projection area. A
spread was used in the profile of connection probability.
This pattern of connectivity, which provided a rough initial
registration between the ICc and ICx, is in accord with the
results of anatomical studies in the barn owl [41], [57] as well
as the observation that developmental events independent of
sensorimotor experience are sufficient to establish a neural
connectivity that support rudimentary auditory localization
[57]. A local pattern of excitatory and inhibitory connections
similar to the ICc was also present in the ICx. This is consistent
with data showing that the local connectivity with inhibitory

cells has a crucial role in shaping the receptive fields of ICx
neurons [58].

Fig. 4(e) and (f), illustrate the response of two ICx units as
the ITD between the two input signals was changed systemati-
cally. The data refer to a system which had already undergone
sensorimotor experience, and the connections between the ICc
and ICx had adjusted correspondingly. As a result of the
pattern of connectivity, each ICx unit responded maximally
to a specific value of ITD, that is, to sound sources located in
a specific position of space. In contrast with the responses of
units in the NL and in the ICc, units in the ICx did not show
periodicity with respect to ITD when stimulated with broad
spectrum noise, in agreement with data from the barn owl
[59]. As in the barn owl [60], the preferred ITD of ICx units
varied systematically with the position of the unit within the
map, so as to give rise to a representation of auditory space.

D. Optic Tectum

The OT was modeled as two unidimensional arrays of
units: a sensory map composed of bimodal units that were
activated by both visual and auditory stimuli, and a motor
map whose units projected to the motor system. Both arrays
contained excitatory and inhibitory units with a local pattern of
connectivity similar to those in the ICc and ICx. OT sensory
neurons received visual input directly from the retinal map
by means of a set of topographically organized connections
(adjacent receptors of the retina are connected to adjacent
areas of the OT). In addition, OT sensory units received
topographically organized connections from ICx excitatory
units. Whereas the visual RF’s of OT sensory units were
determined by fixed connections from the retina, the auditory
RF’s could change location depending on plastic changes in
the connections from the ICc to the ICx. Theth excitatory
unit in the OT sensory map received external input from units
in the same position in the ICx and in the retina. It projected
with connection strength to the th excitatory unit in the
motor map. As in the case of the connections between the
ICc and the ICx, an initial coarse topographical organization
was also present in the connectivity between the sensory and
motor maps in the OT. The strengths, of the connections
were refined during sensorimotor experience. The probability
of anatomical connection between units in the sensory and
motor maps in the OT decayed with a Gaussian profile of
the distance between the motor unit and the center of the
projection area. A spread of projection was used.

E. Motor Output

In order to determine the direction of gaze for a given
pattern of activation in the OT, a simplified motor system
was implemented. Through a set of fixed connections, OT
units in the motor map projected to two motoneurons, which
controlled movements to the left and right. The activation of
the motoneurons was given by a weighted average of the
activation of OT motor units

(8)



102 IEEE TRANSACTIONS ON ROBOTICS AND AUTOMATION, VOL. 15, NO. 1, FEBRUARY 1999

(a) (b)

(c) (d)

(e) (f)

Fig. 4. Responses of units in different areas of the model. Top Row: Characterization of the modeled NL: (a) ITD tuning function of three units with different
f : (b) Two patterns of activation in the NL [(Top) ITD = 0 �s; (Bottom) ITD= +100�s]: units are aligned in frequency laminae on they axis, and according
to their ITD sensitivity along thex axis. Middle Row: Characterization of the modeled ICc: (a) ITD tuning function of three units in different frequency
laminae. (b) Two patterns of activation in the ICc [(Top) ITD= �75 �s; (Bottom) ITD= 0 �s]. Units are aligned in frequency laminae on they axis, and
according to their ITD sensitivity along thex axis. Bottom Row: Patterns of activation of the modeled ICx when binaural signals with ITD equal to (e)�70
�s and (f) 15�s are applied as inputs. The graphs show the mean and standard deviation of unit activity evaluated over 10 repetitions.

where is the activation of theth unit in the motor map of
OT and is the connection strength between this unit and
the motoneuron To establish a linear relationship between
the direction of gaze and the activation of the motor map in
OT, the connections strengths were set to

(9)

In this way, the activation of the first motorneuron increased

as the peak of activation moved toward the extreme left of the
motor map in the OT. The situation was mirror-symmetric for
the second motoneuron and the right side of the map.

The position assumed by the system was evaluated
through a push-pull relationship, as a function of the activation
of the two motoneurons

(10)

where is the maximum movement allowed. By means of
the connections each unit in the OT motor map triggered
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Fig. 5. Connections between the ICc and the ICx and among the units of the
ICx. Excitatory units (filled circles) in the ICx received excitatory afferents
from units in the ICc and from adjacent units in the ICx. They also received
inhibitory afferents from inhibitory units (striped circles) in the ICx located in
other regions of the map. They project to neighboring units as well as to the OT
(not shown in the figure). Solid arrows indicate excitatory connections, open
arrows inhibitory ones. Solid (striped) circles represent excitatory (inhibitory)
units.

a shift of gaze by an amount which was proportional to the
position of the unit in the map.

F. Modulatory System

In accord with the results of physiological studies on
the barn owl [61], [46], experience-dependent changes in
the strength of connections occurred both in the projections
from the ICc to the ICx and in the projections between
sensory and motor maps in the OT. In the learning scheme
proposed here, synaptic modifications were mediated by the
activation of a modulatory system, which was triggered by
the occurrence of visual and motor events. This learning
scheme is based on the observation that in the brain of
many species relatively small groups of neurons, such as
monoaminergic and cholinergic nuclei, project diffusely to
large areas of the brain where they modulate neural activity.
While little is known about the anatomical and physiological
characteristics of monoaminergic and cholinergic systems in
the barn owl, the colliculi receive abundant innervation from
these systems in most species studied [62], [63]. The modeled
modulatory system functionally replicated the hypothesized
role of these diffuse-projecting neuromodulatory centers. In
view of the complexity of these systems and their interactions,
the present model did not attempt to replicate in detail any of
their individual properties, but simply represented their overall
effect of modulating synaptic plasticity. For simplicity, the
modulatory system consisted of a single unit, which received
afferents from both the central region of the retina (the fovea)
and the motoneurons. Due to the long time constant of units
in the motor system, the modulatory system received input
throughout the duration of the orienting response and the
initial phase of the foveation event. The time constant of the
modulatory unit was considerably smaller, such that its level of

activation increased nonlinearly if the response to motor events
and foveation overlapped in time. In this way, the modulatory
unit was moderately active when a stimulus was in the center
of the visual field or when a movement was executed, and
was particularly active when the two events occurred shortly
one after the other. As illustrated in Fig. 3(b), this differential
activation of the modulatory unit led to the strengthening
or weakening of connections in the model depending on the
accuracy of orienting responses.

III. EXPERIMENTAL RESULTS

A preliminary version of the model was analyzed in a
series of off-line computer simulations [48]. These simulations
revealed that the model can account for the development of
a spatial registration between auditory and visual maps in the
OT of the barn owl during normal visual experience, after
the retinal image was shifted through prismatic goggles, and
after the reestablishment of normal visual input. The results
of these simulations were in agreement with much of the
physiological and behavioral data described in the literature,
and also illustrated the robustness of the model with respect
to noise and its stability over a wide range of parameters.

In the present study, we analyze the performance of the
model when actually used for controlling the orienting be-
havior of a robotic system in the presence of real visual
and auditory targets. The robotic system and the environment
used for the experiments are illustrated in Fig. 6. A robotic
head (Helpmate Robotics, Danbury, CT) was equipped with
a black and white camera and two microphones. As shown
in Fig. 6, the camera was mounted at the center of the pan
axis of the head, and the two microphones were located at the
opposite sides of the camera, at a distance of approximately
30 cm apart. Visual and auditory targets were generated by
activating one of 15 lights and loudspeakers located on a
circular frame directly in front of the robot. Auditory stimuli
consisted of a burst of pseudo-white noise in the frequency
range 1–9 Khz. The neural model was implemented on a Unix
workstation interfaced to the robot via a VME system, and
the motor commands of the model were used to control the
pan position of the robotic head. The selection of the target
was also controlled by the host workstation via a digital I/O
board. Visual and auditory data were processed in real-time
by dedicated boards on the VME. The sampled image was
thresholded on a Datacube MV200 (Danvers, MA) and the
pixel values summed up along the vertical axis of the image, so
as to produce a vector which was used as the input activation
of the retina. The two auditory channels were simultaneously
sampled and their FFT’s estimated continuously on a dedicated
multi-channel DSP.

In all the experiments described in this section, the experi-
mental paradigm consisted of three sequential steps: first, the
system was positioned so as to aim in a randomly selected
direction. A visual or an audiovisual target was then presented
at one of the 15 available locations, and as a result the head
moved according to the activity determined within the neural
model. After the execution of the movement, the stimuli were
removed and the accuracy of localization performance was
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Fig. 6. System architecture controlled by the neural model. The camera
was mounted at the center of the pan axis of a TRC robotic head. Visual
signals were acquired and processed by a Datacube MV200 board. Real-time
processing consisted in the thresholding of the image and compression along
the azimuthal axis. Auditory signals were acquired by two microphones
located at the opposite sides of the camera, and they were digitized by
synchronized A/D channels. FFT’s of both channels were evaluated in
real-time on a DSP board. The system was positioned at the center of a
circular array which included 15 lights and loudspeakers. Selected targets
were activated via a digital I/O board on the VME bus.

measured. Periodically, in order to evaluate quantitatively
the accuracy of the system, visual and auditory targets at
several fixed distances from the current direction of gaze were
presented and foveation errors (see Fig. 7) were measured. The
results described in this paper refer to a model composed of
50 300 units in both NL and ICc, and 50 units in all the
other maps. The values of the parameters of the model are
shown in Table I.

A. Development of Orienting Behavior

The first series of experiments focused on the development
of orienting behavior in the presence of normal sensorimotor
conditions. Normal conditions refer to the situation in which
no systematic manipulation of sensorimotor characteristics was
performed, in contrast to the experiments described later. The
goal of these experiments was to discover the sensorimotor
transformations that lead to successful localization of the
target, given the relative structural arrangements of the system
components and their functional characteristics. As previously
described, the adopted learning scheme was such that con-
nections both at the level of the ICx and OT changed their
strengths as a result of behavioral performance.

Before the exposure to sensorimotor experience, the orienta-
tion behavior of the system was poor, due to the initial random
strengths of connections in the model. The initial performance

Fig. 7. The experimental procedure consisted of randomly selecting the
initial direction of gaze�h (dotted line) and the position of the target�s: �

0

h

indicates the direction of gaze assumed by the system after the first orienting
movement. The foveation error was defined as the distance between the center
of the retina and the center of the target projection on the retina. In the
absence of manipulations of the visual input, the foveation error is equal to
the orientation error, that is the angle�s between the position assumed by
the system and the location of the target. In the case of a translation of the
visual input by an angle~� (see text), the foveation error is equal to the
angle�s � ~� between the position assumed by the system and the apparent
location of the target.

TABLE I
RANGES OF VALUES OF THE MODEL PARAMETERS USED IN THE EXPERIMENTS

of the system was dependent on the spread of projections
in the ICx and OT and on the level of noise superimposed
onto unit activation. Given the initial broad sensory tuning of
ICx and OT units, the level of noise in the activation of the
cells had an important role in determining the final position
assumed by the system, thus giving rise to high variability in
the final position. By means of learning, the performance of the
system improved with sensorimotor experience, and the mean
and standard deviation of the foveation error both decreased.
These reductions were a consequence of a decreased influence
of noise on behavior due to an increased specificity of unit
activation.

In the experiment reported in Fig. 8 the initial magnitude of
the foveation error was 20.14 28.41 for visual targets and
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(a) (b)

(c) (d)

(e) (f)

Fig. 8. Improvement of system performance with sensorimotor experience. (Top row) Improvement in the accuracy of orienting behavior toward visual (a)
and auditory (b) targets with learning. The plot is a running average over 50 movements. The horizontal lines in the graphs indicate the dimension of the fovea,
which consisted of three receptors corresponding to a spatial extension of 7�. (Middle row) Foveation errors (y axis) after the presentation of 15 000 targets
for stimuli in different spatial locations (x axis): visual targets (c) and auditory targets (d). (Bottom row) Relative alignment of the auditory, visual and motor
receptive fields for the units of the OT, before (e) and after (f) sensorimotor experience. The main diagonalx = y = z on which the RF’s align is also shown.

39.29 32.69 for auditory targets. Fig. 8(a) and (b) shows
the mean change in the absolute foveation error at different
times during the presentation of 15 000 visual [Fig. 8(a)]
and audiovisual [Fig. 8(b)] targets, the equivalent of a few
hours of training. Fig. 8(c) and (d) illustrates the final mean
foveation error in the system for visual and auditory targets
in different spatial positions relative to the direction of gaze.
Overall the magnitude of the foveation error dropped to
0.59 0.38 for visual localization and to 1.54 1.01 for
auditory localization. During the localization of visual stimuli,
learning occurred mainly at the level of the OT, while both

the OT and ICx were affected for movements in response
to audiovisual targets. Following the conventions commonly
adopted in neurophysiology, we defined the center of a visual
(auditory) RF as the position of a visual (auditory) stimulus
position that gives rise to the maximum value of activation of
the unit. The center of a motor RF was defined as the mean
spatial location assumed by the system when the unit was
activated, as in microstimulation experiments [40]. Fig. 8(e)
and (f) shows the alignment of auditory, visual and motor
RF’s for OT units, before and after training, respectively.
For each unit, a dot is plotted at a position defined by the



106 IEEE TRANSACTIONS ON ROBOTICS AND AUTOMATION, VOL. 15, NO. 1, FEBRUARY 1999

centers of its RF. When the RF’s are perfectly in register,
the points lie on the principal diagonal (the line )
and the distance of the RF’s from this line can be used as
a measure of the alignment. The relative alignment between
RF’s improved drastically with learning, with the distance
dropping from 24.77 27.24 to 1.15 0.95

B. Adaptation to Altered Sensory Conditions

In order to test the robustness of the system with respect
to altered sensory conditions, we replicated some well-known
experiments of sensory manipulation in the barn owl. A strik-
ing example of adaptation of orienting behavior is given by
experiments in which the visual input is chronically translated
by inserting prismatic goggles over the eyes of the barn owl.
It has been found that prolonged exposure in early life to
a translated visual field causes the animal to recalibrate the
orienting behavior toward auditory targets. Instead of aiming
directly toward the sound source, barn owls learn to direct
their gaze laterally by an extent equal to the shift introduced
by the prisms [64], [43], so that after execution of the motor
action targets project onto the fovea. Furthermore, if removal
of the sensory manipulations occurs sufficiently early in life,
a barn owl is usually able to recover normal behavior.

In this section, we describe the results of two sets of sensory
manipulation experiments. In the first paradigm, a translation
of the visual field was present from the start of sensorimotor
experience, thus replicating the insertion of the goggles when
the owl first opens its eyes. In the second paradigm, the
shift of the visual field was introduced after the system had
become well adapted to normal sensorimotor experience. This
second set of experiments replicated the insertion of prismatic
goggles over the eyes of older barn owls, and were useful
in determining the ability of the system to recover from
sudden changes in the sensory characteristics. In both cases,
the translation of the sampled image was achieved by shifting
it directly on the video acquisition board in the VME system.

In an example of development of orienting behavior in
the presence of chronic translation of the visual field, the
image was translated by to the right. The system had
no difficulty in developing accurate localization, so that, with
learning, the magnitude of the foveation error decreased from

to for visual targets and from
to for auditory targets. After

the presentation of 15 000 targets, the foveation error was less
then the size of the fovea for both visual and auditory targets
located at any distance away from to the current direction
of gaze. As in the case of normal sensorimotor experience,
the improvement of orienting behavior originated from the
increased accuracy in the alignment between sensory and
motor maps in the OT. In this case, since accurate localization
implies that the system aims at the side of the target by an
amount that compensates for the presence of the goggles,
visual and auditory RF’s were in close alignment and were
systematically shifted with respect to the motor RF’s. After
learning, the distance of the RF’s from the line
20 dropped from to

Fig. 9 illustrates the ability of the model to recover from
a sudden change in visual inputs. The system had been

previously exposed to normal sensorimotor experience (per-
formance illustrated in Fig. 8) when the visual field was
translated by 20 to the right. As illustrated by Fig. 9(a),
the localization of visual targets remained accurate after the
shift was introduced. This is similar to what occurs in the
barn owl, and is a consequence of the fact that the alignment
between visual and motor maps in the OT does not need
to be changed, since the magnitude of movements leading
to the localization of visual targets is not affected by the
goggles. On the contrary, the audiomotor coordination needs
to be readjusted in the presence of a translated visual field
[see Fig. 9(b)], as auditory inputs need to trigger different
motor actions. The final performance of the system is shown
in Fig. 9(c) and (d). Again, the absolute foveation error is less
than the size of the fovea for visual and auditory stimuli in
different spatial positions (0.65 0.45 for visual targets and
2.15 1.02 for auditory targets). Fig. 9(e) and (f) illustrates
that the recovery of good orientation accuracy was again a
consequence of reacquired alignment between the visual and
auditory maps in the OT. Immediately after the introduction
of the visual shift, although the RF’s remained aligned along
a straight line, they were shifted away from the main diagonal
( ) by an amount equal to visual displacement [see
Fig. 9(e)]. With sensorimotor experience, the RF’s become
aligned on the line 20 [Fig. 9(f)], so that the
final distance of the RF’s from this line is

C. Adaptation to Altered Motor Conditions

To analyze the capability of the system to adapt to changes
in the motor characteristics, experiments were conducted in
which the motor behavior of the model was systematically
altered. Manipulations of the motor outputs were implemented
by directly modifying the motor commands sent by the model
to the robot. In this section, we describe the performance of the
system in the presence of a nonlinear motor transformation, in
which the direction of gaze was evaluated as

where is the output of the model given by (10). This
manipulation, which is similar to a nonlinear change in the
gain of the motors, introduces a modification in the way the
pattern of activation in the OT affects motor behavior. This
is equivalent to an anisotropic displacement of the OT motor
map and it represents a condition which can be approximated
by, for example, damaging the muscles of the neck in the
barn owl. As in the case of alteration of the sensory inputs,
we considered the introduction of motor manipulations at the
onset of sensorimotor experience and also in a well-trained
system.

When a motor manipulation was introduced in the early
phases of sensorimotor experience, the system was able to
learn the sensorimotor transformations so as to produce ac-
curate orienting behavior. After the presentation of 15 000
stimuli, the mean magnitude of the foveation error dropped
to 1.76 1.29 for visual targets, and to 2.2 1.4 for
auditory targets.
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(a) (b)

(c) (d)

(e) (f)

Fig. 9. System performance in the presence of a sudden change of visual characteristics. A system previously trained with normal sensorimotor experience
was exposed to a systematic translation of the visual field by 20� to the right. (Top row) Improvement in the accuracy of orienting behavior toward
visual (a) and auditory (b) targets with learning. (Middle row) Foveation errors after the presentation of 15 000 targets for stimuli in different spatial
locations: visual targets (c) and auditory targets (d). (Bottom row) Relative alignment of the auditory, visual and motor receptive fields for the units of
the OT, before (e) and after (f) the new sensorimotor experience.

Fig. 10 shows the ability of the system to recover from a
sudden change in motor characteristics, such as may occur due
to a motor malfunction. At the beginning, immediately after
the change in the motor characteristics, errors were present in
the localization of both visual (9.88 3.95 ) and auditory
targets (10.09 4.52 ). After the presentation of 15,000
stimuli the orientation error was reduced to 1.040.83 and
1.83 1.31 for visual and auditory targets, respectively. As
in the case of sensory manipulation, the recovery of orientation
accuracy was a consequence of the reacquired alignment of
the receptive fields for the units in OT. The nonlinear motor

transformation introduced in this experiment is reflected by
the RF alignment function shown in Fig. 10(e) (the mean RF
distance with respect to the line was 7.85 3.38 ).
Learning is able to realign the maps of space as reflected by the
linear correspondence of RF’s in Fig. 10 (f), so that the final
distance of RF’s with respect to was

IV. CONCLUSION

Robustness is a crucial issue in the design of autonomous
systems. Environmental conditions change continuously due
to a number of unpredictable factors, as do the characteristics
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(a) (b)

(c) (d)

(e) (f)

Fig. 10. System performance in the presence of a sudden change of motor characteristics. (Top row) Improvement in the accuracy of orienting behavior
toward visual (a) and auditory (b) targets with learning. (Middle row) Foveation errors after the presentation of 15 000 targets for stimuli in different
spatial locations: visual targets (c) and auditory targets (d). (Bottom row) Relative alignment of the auditory, visual and motor receptive fields for the
units of the OT, before (e) and after (f) the new sensorimotor experience.

of sensors and motors. In order to maintain good performance
in the presence of such changes, autonomous systems need
to continuously accommodate their behavior to the current
conditions. Biological systems provide clear examples of such
adaptive capabilities. Individuals of virtually every animal
species show significant variations in their phenotypic ap-
pearance and their bodies undergo large changes during their
lifetime. Nevertheless, their brains are constantly able to tune
motor output so as to ensure proper behavior.

Understanding the principles underlying learning and adap-
tation is one of the major goals of the biological sciences. It
is clear that changes in behavior originate from changes at

the cellular level, and that different levels of explanation are
required in order to have a complete picture of how learning
occurs. The case of spatial localization in the barn owl is
one of the few examples described in the literature in which
quantitative changes in a motor output (the adjustment of
orienting behavior) have been systematically linked in detail to
neural phenomena (the plastic alignment between sensory and
motor maps in the OT). Anatomical and physiological studies
have extensively characterized the structures in the brain of the
barn owl involved in the production of orienting behavior, and
provide serious constraints on the underlying mechanisms of
learning. The hypothesis proposed here that map registration
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occurs through a mechanism of value-dependent learning does
not require the existence of any unknown anatomical pathways
or structures nor does it imply biologically unrealistic compu-
tations. In addition, a large body of evidence supports the idea
that synaptic plasticity is mediated by a global signal related
to the saliency of sensorimotor events. In many different
species neuromodulatory systems have been found that project
diffusely to most areas of the brain. These systems, such as
the monoaminergic and cholinergic systems in vertebrates are
endowed with the appropriate anatomical and physiological
properties, and there is evidence that they play a role in long-
term plasticity (see references in [48]). The results of this
paper, together with close comparisons between behavioral
and physiological data from the barn owl and equivalent data
obtained from computer simulations are strongly in accord
with this proposal.

In the past, researchers in robotics and AI have often looked
at biology as a source of inspiration for solving their problems.
From the opposite perspective, neuroscientists have recently
turned their attention toward the use of robotic systems as
a way to quantitatively test and analyze theories that would
otherwise remain at a speculative stage. The approach of
synthetic neural modeling [5], [6] is based on the coupling
of computational models of brain structures with systems
interacting in the real world. While computer models have
recently gained popularity in the neuroscience community
as a way to analyze the operations of complex neuronal
ensembles, these models are usually activated with simplified
artificial patterns that bear little resemblance to natural stimuli.
The use of robotic systems has the advantage of introducing
phenotypic and environmental constraints similar to those
that brains of animals have to face during development.
Consideration of these constraints is particularly important in
light of modern brain theories, that emphasize the importance
of the environment and sensorimotor experience during neural
development.

There is little doubt that comprehension of the fundamental
functional principles of the brain will dramatically affect
the design of artificial systems operating in the real-world.
We believe that the approach of synthetic neural modeling
and efforts like the one described in this paper can make a
significant contribution toward these goals and, at the same
time, by establishing a direct link between the natural and
engineering sciences, offer new ideas to workers in robotics
and artificial intelligence.
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