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a b s t r a c t

Brain imaging studies in macaque monkeys have recently shown that the observation and execution of

specific types of grasp actions activate the same regions in the parietal, primary motor and somatosensory

lobes. This extended overlapping pathway of activations provides new insights on how primates are able to

learn during observation. It suggests that an observed behavior is recognized by simulating it using the

circuitry developed for action execution. In the present paper we consider how learning via observation can

be implemented in an artificial agent based on the above overlapping pathway of activations. We

demonstrate that the circuitry developed for action execution can be activated during observation, if the

agent is able to perform action association, i.e. to relate its own actions with the ones of the demonstrator.

Following this intuition, a computational model of observation/execution of grasp actions is developed and

used in experiments to study its properties and learning capacities. Results show that the agent is able to

associate novel objects with known behaviors only by observation. Model investigation after training

reveals that, during observation, not only the same regions, but also the same neural representations are

activated, implying that an observed action is understood by employing the same neural codes used for

its execution.

& 2010 Elsevier B.V. All rights reserved.

1. Introduction

Recent imaging experiments of the parieto-frontal cortex of
Macaque monkeys performing grasping tasks have revealed the
existence of an extended overlapping pathway of activations
between action execution and action observation [1]. This path-
way includes the forelimb representations in the primary motor
(MI) and primary somatosensory (SI) cortices, ventral (F5) area of
the premotor cortex, as well as inferior (IPL) and superior (SPL)
areas of the parietal lobes. The functional roles of the above men-
tioned regions during grasping tasks and their activation during
observation, have led neuroscientists to believe that primates are
using the circuitry developed for action execution in order to
simulate an observed behavior and its anticipated consequences [1].
Moreover, the experiments of Savaki et al. [2] suggest, that the over-
lapping activations during action execution and observation facil-
itate observational learning in primates, i.e. their ability to learn only
by observation. In the current paper, we consider the activation

results reported in Refs. [1,2] in order to develop a computational
model that accomplishes observational learning of novel objects, i.e.
a model that is able to associate known actions to novel objects
only by observation. This is accomplished by activating the same
extended circuitry of regions used for action execution during action
observation.

The importance of the overlapping activations between action
execution and action observation in primates is well established
in the computational modeling community. Previous recording
studies in the cerebral cortex of macaque monkeys have revealed
the existence of a specific group of neurons that discharge when
the primate performs or observes a goal-directed behavior [3].
These overlapping activations have provided computational mode-
lers an important foundation for implementing imitation mechan-
isms in artificial agents. In this context, Billard and Mataric suggested
a biologically inspired reaching/grasping model [4] that uses the
Dynamic Recurrent Memory Association (or DRAMA) architecture in
order to create higher-level abstractions of various motor and spinal
regions. Oztop and Kawato also developed a biologically inspired
model of action observation based on the intuition of mental state
inference, i.e. how inferring the mental states of conspecifics, can be
used to observe and learn from their actions [5]. A more biologically
faithful model has been developed by Fagg and Arbib, that focused
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on the parietal-premotor associations during primate grasping [6],
which was also extended by Arbib in the Mirror Neuron System [7]
to include regions of the primary and supplementary motor cortices.
Finally, a model exploiting the overlapping activations in an exten-
ded network of brain areas in order to implement the reaching com-
ponent of grasping acts has been developed in our previous work
using genetic algorithms to tune model parameters [8–10].

In the current work, we investigate how the newly found
extended overlapping activations between execution and obser-
vation [2] can assist in the implementation of certain observa-
tional learning capacities in artificial agents. More specifically we
consider a form of observational learning in which an agent can
learn to associate known behaviors with novel objects only by
observation. The experiments of Savaki et al. [2] suggest that in
order to learn while observing a behavior, primates use the same
neural circuitry developed for action execution. This circuitry
involves regions in the parietal, primary somatosensory and motor
cortex, as well as the mirror neurons in the ventral premotor area.
We suggest that these regions can be activated during observation, if
the agent knows how to identify the actions of the demonstrator
and match them with its own stored neural representations. To
accomplish this, we consider the properties of the superior parietal
cortex (SPL), a region usually neglected in imitation computatio-
nal models. Due to its recently found active involvement during
observation of a behavior [2], its functional role in encoding body
schemata [11] and its connections with SI (proprioception) and IPL
(visual observation), SPL qualifies as an appropriate candidate for
implementing an action correspondence mechanism. The cortical
areas of the model are implemented using neural networks based
on biologically realistic neurons [12,13] and synapses that employ
reinforcement [14] and associative learning rules [15]. The model
design and development is based on the principle of brain pathways,
i.e. the identification of independent information processing streams
in the cortical areas of our agent which are designed separately
from others.

The developed model is embedded in a simulated robotic
platform and evaluated upon its ability to learn to associate a
demonstrated behavior with a given object only by observation.
Training and evaluation of the simulated robot consists of three
phases:(i) observation/execution, where the agent is shown a
behavior and has to learn to execute it, (ii) sole observation, where
the same set of behaviors and objects are shown to the agent while
its hand is restricted from motion and (iii) observational learning,
where the agent is shown a previously acquired behavior and a
novel object and has to learn to associate them only by observation.
During the second phase, we look more thoroughly in the activa-
tions in the parietal, primary somatosensory and motor cortex
regions of our artificial agent and investigate whether there are
any similarities with the ones reported by the neurobiological
experiments of Savaki et al. [2]. Results show that the activations
produced by the developed model are compatible with the biologi-
cally observed activations during execution and observation. More-
over, a closer investigation of the network properties after training
revealed interesting predictions regarding the network activations at
the neuronal level. It showed that not only the same regions, but
also the same neural representations are activated during observa-
tion/execution of a behavior. Using these activations, the model is
able to identify an observed behavior with its own stored neural
representations, and consequently, is able to associate it with novel
objects without performing the observed act.

The rest of the paper is structured in five sections that describe
the proposed computational model and its derivation, relevant
experimental results and concluding remarks. Section 2 discusses
the functional roles of the regions included in our model during
grasp behaviors and presents relevant results from the biological
experiments of Savaki et al. [2]. Section 3 describes the development

of a computational model of observation/execution, based on the
parieto-frontal cortical regions of the macaque monkey. In Section 4
a set of experiments is presented, where we evaluate the ability of
the model to associate a previously demonstrated grasp behavior
with a given object only by observation. A description of the results
is given in Section 5, where we focus on: (i) the network activations
and neuronal properties formed during the sole observation phase,
(ii) how the simulated agent can learn to associate an already acqui-
red behavior with a new object during the observational learning
phase, (iii) whether the behaviors taught during the observation/
execution phase are preserved after the observational learning stage
and (iv) the ability of the model to generalize to unknown objects.
A discussion on the properties of the model and the results obtained
is included in Section 6, while directions for future research are pre-
sented in Section 7. All the secondary implementation details have
been included in the Appendix section, where we provide additional
information regarding the parameters of the model, the configura-
tion of the motor control component using genetic algorithms (GA),
and how the processing of the visual input and motor control com-
ponents is accomplished.

2. Biological background

Over the last decade, several studies have focused on the
underpinnings of the circuitry that facilitates action execution
and action observation in primates. One of the most noteworthy
findings in this field was the discovery of mirror neurons, a group
of visuomotor cells in the monkey cerebral cortex, which are
active when the observer demonstrates and executes goal-direc-
ted actions [3]. To date, two regions have been shown to contain
mirror neurons in Macaque monkeys, the premotor cortex [16,17]
and the inferior parietal lobe [18]. Due to their functional proper-
ties, mirror neurons have been attributed with a variety of
cognitive functions including language [19], empathy [20], mind
reading [21], imitation [22] and action understanding [23]. For
humans, even though direct neurophysiological data from single
cell recordings are not available, Positron Emission Tomography
(PET) and functional Magnetic Resonance Imaging (fMRI) studies
have also illustrated the existence of a homologous mirror neuron
system (MNS) [24]. A recent meta-analysis of fMRI and PET imag-
ing experiments in humans has identified the premotor, primary
somatosensory, inferior parietal, intraparietal and temporo-occi-
pital areas being considerably active during both action observa-
tion and imitation [25]. These suggest that the human MNS expands
to areas far beyond the premotor and inferior parietal areas in
monkeys [26]. This extended pathway of regions of the human MNS
enables it to support intransitive actions [27], and advanced cog-
nitive functions such as the direct repetition of others’ actions [24],
observational learning [28] and imitation [29].

Recent imaging studies in Macaque monkeys have also revealed
the existence of an extended pathway of regions being active during
observation and execution. In particular, using 14C-deoxyglucose, an
imaging method that provides greater spatial resolution than fMRI,
researchers have shown that the observation of specific grasp beha-
viors in Macaques activates almost the same parieto-frontal path-
way of brain regions involved in the execution of the same tasks
[1,2]. These areas include the forelimb representations of MI and SI
cortices, ventral (F5) area of the premotor cortex, as well as areas of
the inferior (IPL) and superior (SPL) parietal lobes. The activations of
the above mentioned regions during execution and observation [2]
are summarized in Table 1.

Given the limited imitation capabilities of monkeys compared
to humans [30,31], we could attribute the extended overlap of the
observation and execution circuits to other forms of social learn-
ing. For example, it has been shown that the monkey MNS can
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accomplish cognitive imitation [32] a form of observational
learning that involves learning, not the motor act, but the causal
structure between actions and objects. Considering the cognitive
functions performed in the aforementioned regions during the
execution of grasp behaviors [11,33–36] it is evident that the
extended overlap of activations could support cognitive imitation.
In this paper we consider the anatomical connectivity of the
above regions as well as their functional roles during observation/
execution, in order to derive the information processing and
synaptic connection patterns of the model networks. More spe-
cifically, the Anterior Intraparietal area (AIP), located in IPL, con-
tains neurons that are selective to (i) the shape properties of an
object (visual neurons) and (ii)the execution of different grasp
behaviors (motor neurons) [33]. Due to the functional role of
these two neuronal classes, AIP is considered to play an important
role in representing the affordances of a given object (through its
connections with F5 premotor area), by forming the appropriate
associations between the shape properties and the motor beha-
viors that are required for manipulating them. The premotor area
F5 contains two classes of neurons related to motor control. The
first class, known as mirror neurons, becomes active when the
primate executes or observes a goal-related motor act [17]. In
addition, F5 contains another class of neurons, termed as canoni-
cal, which when active, initiate a specific primitive behavior [34].
The Primary Somatosensory cortex (SI) contains somatotopically
organized neurons which are responsive to the motion of specific
embodiment components of the primate [36]. In the human MNS,
it has been suggested that the activation of the SI during action
observation may be due to the expectancies of the tactile events
caused by the seen actions [78]. Encoding of the observed motion
has been attributed to a certain class of neurons in the Medial
Temporal (MT) areas, where higher-order visual neurons have
been found to be sensitive to the observation of body parts of
conspecifics [37]. MT projects to the Ventral Intraparietal (VIP)
area, which is also located in IPL and contains neurons that are
responsive to a moving stimulus, with a broader degree of tuning
than MT [38]. The Superior Parietal cortex (SPL) contains, among
others, neurons that are selective to single and combined joint
stimulations, i.e. neurons that exhibit a maximum firing rate
when certain hand and arm body parts in the embodiment of the
agent are active [11]. For this reason SPL has been considered as a
somatosensory association area, where various representations
from the SI and other Parietal regions are coupled to form a
common neural code [11]. Recent studies report that SPL also has
an active role during observation of a behavior [1].

3. Computational modeling

In the current section we provide the design and implementa-
tion details of the computational model that was developed in
order to investigate how the overlapping activations during exe-
cution and observation can facilitate observational learning of
novel objects. Recent imaging experiments [2], suggest that during
observation additional neural regions are excited, apart from the

mirror neurons in F5, including supplementary cortical areas that
are associated with proprioception and motor control. In accordance
to these experiments, the developed model encompasses a broader
circuit of brain regions during observation that extends beyond area
F5 and the mirror neurons. It includes regions in the parietal cortex
(IPL and SPL), primary somatosensory (SI) and primary motor cortex
(MI) in the overlapping pathway of activations. Considering the
cognitive role of the above mentioned regions during execution of a
behavior, their activation during sole observation can give rise to
learning processes without requiring the explicit replication of the
behavior by the observer.

Fig. 1 illustrates the complete layout of the proposed model. As
already mentioned, the connectivity between different neural
networks is derived in accordance to the connections between
the respective cortical areas in the brain [39]. To design the
extended pathway of overlapping activations we need to identify
the effect that each model input has to the neural networks of the
model. This is accomplished by determining the types of inputs
that are available to the agent during execution and observation,
and tracking how they are propagated on to the neural networks
of the model. For this reason we identify certain pathways within
the model, i.e. streams of network interactions that process diff-
erent types of information. Pathways have been extensively used
by neurobiologists to describe the underlying cognitive processes
that take place in the primate’s cortex. For example, two popular
pathways identified in the cerebral cortex of primates are the ventral
pathway, associated with object recognition, and the dorsal pathway,
involved in the processing of spatial object locations [40,41]. Com-
putationally, we define a pathway as a set of regions that participate
in the transformation of information from one type to another. In the
current model we define three different pathways: (i) object recog-
nition, (ii) proprioceptive association and (iii) behavior learning.

The object recognition pathway is assigned the role of forming
the neural representations that encode the objects presented to
the agent. This is accomplished in the V1V4corners, V1V4XYaxisRatio

and AIPvisual networks. The second pathway, proprioceptive asso-
ciation, is responsible for forming the neural representations of
the action of the agent and building the correspondence between
the actions of the observer and demonstrator agents. It originates
from Scproprioceptive region, and involves the AIPmotor, MT, SI, SPL
and VIP networks. The last three regions are part of the circuit
that performs action correspondence. Finally, behavior learning
employs information from the other two pathways and is respon-
sible for learning and generating a motor behavior. It involves the
motor control circuitry, i.e. regions F5canonical, MI, Sccontrol, SI and
Scproprioceptive, as well as region F5mirror and its connections with
AIPmotor and AIPvisual. Implementation details of the above men-
tioned pathways are provided in Section 3.5.

To model the body posture of the agent we modified the
Hoap2 robotic simulator, incorporated in the Webots package
[42], in order to include three fingers (thumb, middle and index)
which are attached to the robot’s palm. For the current experi-
ments we have used two behaviors, each associated with the
motion of one or more fingers. The first behavior entailed closing
of the robot’s middle and thumb fingers while the index finger
remained inactive, and the second behavior involved closing the
index finger while maintaining inactive the remaining ones. Since
Webots controls the motion of fingers via joint angles, we have
consistently employed the latter to encode finger positions,
control the motion of fingers and relate robot body postures.
More details on how the motor control of the simulated agent is
accomplished are provided in Section 3.6.

In the next subsections we describe: (i) the neuron model used
(Section 3.1) (ii) how the visual and proprioceptive input is encoded
(Section 3.2), (iii) the plasticity and synaptic models employed
(Sections 3.3 and 3.4), (iii) the information processing carried out

Table 1
Activations of brain regions during grasp actions. Activations during observation

are reported as the percentage of activations during execution.

Brain area Execution (%) Observation (%)

Sulcus Parietal (SPL) 100 50

Intraparietal (IPL) 100 50

Ventral Premotor (F5) 100 100

Primary Motor Cortex (MI) 100 50

Somatosensory (SI) 100 50

E. Hourdakis et al. / Neurocomputing 74 (2011) 1135–1155 1137
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by each neural network (Section 3.5) and (iv) the setup of the
circuitry that is used to produce the output signals for the motor
control of the agent (Section 3.6).

3.1. Neuron model

Our model consists of interconnected regions, each one being a
separate neural network. The connections among the neural net-
works are set according to anatomical information. For the imple-
mentation of these neural networks we employ a spiking neuron
model [12,13] which has a non-continuous, non-linear synaptic
response model and resembles to a high extent the behavior of
biological neurons. Spiking neurons have been widely used in
modeling biological brain regions [43,44] and brain functions
[45,46] since they can approximate any continuous function [12],
capture the temporal properties of their pre-synaptic inputs and
exhibit short-term memory effects [45]. Additionally, they can be
coupled with a large variety of associative [15,47] and reinforce-
ment learning rules [14]. Several variations of the Spiking neuron
have been proposed [48–50], ranging from anatomically consis-
tent to computationally oriented [51], which have their basis on
the initial Hodgkin–Huxley model [52] (see also Ref. [53] for a
mathematical analysis).

In the current implementation spiking neurons were used due to
their fidelity with regards to the response properties of cortical cells.
More specifically, the non-linear membrane potential reset after
each spike, the refractory period, and the all-or-none spike after
potential mechanism lead to neuronal interactions that have analo-
gies to the operation of cortical networks. From a computational
perspective these three properties give rise to network interactions
that are non-linear. This creates a biological faithful setting in which
it is interesting to investigate whether the same neural networks,
given a lower activation during observation, can facilitate learning.

In our implementation we have adopted the standard form of the
formal Leaky Integrate and Fire (LIF) neuron model [54] due to the
fact that it can encode the three aforementioned properties without
requiring an excess computational overhead. The internal dynamics
of each neuron are described by a differential equation (Eq. (1)) that
models the fluctuations of the membrane potential variable u due to
the driving current I passing through the neuron

tm
@u

@t
¼�uðtÞþRIðtÞ ð1Þ

where R and tm are the resistor and membrane potential time
constants. In LIF models, spikes are characterized by their firing
time t(f), which is the moment that the potential crosses a threshold

Fig. 1. Layout of the proposed model. The three pathways are marked with different colors; object recognition: yellow; proprioceptive association: red; behavior learning:

blue. Different types of synapses are also marked with different colors: STDP: black, reinforcement: red, GA: green. The lines crossing the neurons in some networks (e.g.

SPL) indicate the existence of lateral inhibitory connections in the respective networks. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)
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value (y)

tðf Þ : uðtðf ÞÞ ¼ W and
duðtÞ

dt

�����t¼ tðf Þ
40 ð2Þ

After the emission of a spike, the membrane potential is reset
to a constant value ur oW

lim
t-tðf Þ;t4 tðf Þ

uðtÞ ¼ ur ð3Þ

The spike response model used for each pre-synaptic neuron
model is the Dirac (d) function

SjðtÞ ¼
X

f

dðt�tf
j Þ ð4Þ

The spike responses, reduced to points in time through Eq. (4)
are scaled by the weight wij, of the synapse between the pre-
synaptic neuron j and the post-synaptic neuron i, and summed to
construct the input I(t) of the post-synaptic cell i

IiðtÞ ¼

P
jwijSjðtÞ if t�tðf Þ4ref

0 if t�tðf Þrref

(
ð5Þ

The absolute refractoriness of each neuron, i.e. the time period
after the emission of a spike where the input current has no effect
on the membrane potential, is modeled by setting the input
current to zero for a short time period (ref) after each spike emission.

3.2. Input encoding

Our simulated agent receives three types of input: (i) information
regarding the objects present in the scene, (ii) proprioceptive input
that indicates the joint positions of its fingers and (iii) information
portraying the demonstrator’s finger joint positions.

For encoding the objects present in the scene, their 2D projec-
tions are acquired by means of the Webots simulator and the Matlab
software is employed in order to process these images and calculate
two properties which are used as identifiers of their shape: (i) the
number of corners and (ii) their XY axis ratio (for more details on
how these two properties are extracted from each image refer to
Appendix section A.2). The two properties, when combined, are
sufficient for describing the different contours of the objects
(Figs. 4, 14) used in our experiments. Each of these variables is
encoded in a distinct neural network; the first property is encoded
in the V1V4corners network, while the second in the V1V4XYaxisRatio.
These input networks contain tuning neurons, i.e. neurons that are
tuned to respond to specific values of these two properties.

To accomplish this, each tuning neuron is pre-coded in order
to acquire an average firing rate that is proportional to the
difference between the network’s input and its tuning value, i.e.
to respond with a maximum firing rate when the input of the
network is equal to its tuning value, and reduce the average firing
frequency proportionally otherwise. Their membrane potential is
calculated using Eq. 6

pðtÞ ¼ pðt�1Þþpr�e
�0:5�ðða�kÞ=s2Þ

2

ð6Þ

At any time step t, an exponential function of the difference
between the network input k and the neuron’s tuning value a is
added to the membrane potential p(t) of each neuron. The width
of the tuning curve is set by the tuning sigma variable (s). For
higher values of s, neurons respond to a larger range of inputs.
Spike emission occurs when the membrane potential of the
neuron exceeds the threshold value pr. An input network encodes
a certain variable using a population of tuning neurons, each
adjusted to respond to a uniformly distributed range of values of a
variable (using variations of the a and s parameters).

This tuning neuron class is also used to construct the
Scproprioceptive and MT networks. These two networks encode the

agent’s finger joint position (Scproprioceptive) and the joint positions
of the demonstrator (MT), respectively. Both networks comprise
of three distinct sub-populations, each encoding the range of
values of the joint angles for a specific finger. In the current
experiments we use simulated agents with three fingers, namely
index, middle and thumb. Thus each sub-population in the
Scproprioceptive and MT networks is responsible for encoding the
joint position of its corresponding finger. The tuning values assigned
to the neurons of the three sub-populations span the range of the
possible joint positions for each finger in the simulator. The network
input k for each sub-population is set on each simulation step to
the position of the joints in the agent’s and demonstrator’s body
postures, respectively.

3.3. Associative learning connections through STDP synapses

Associating the neural representations that are encoded in
different neural networks is an important function of the pro-
posed model. Computationally, these associations are formed
using the Spike-Timing Dependent Plasticity (STDP) synaptic
learning rule [15] that is implemented in the connections
between regions SPL, IPL(AIPmotor, AIPvisual and VIP), F5 and SI.
As opposed to traditional Hebbian rules, STDP ensures that:
(i) non-causal relationships between neurons will not be enforced
[15] and (ii) correlated input activity between neurons will give rise
to increased variability in the post-synaptic responses [55]. The
above are accomplished by driving the neuron into a state where it
exhibits a balanced, but irregular, firing distribution. This irregularity
makes the neuron sensitive to the pre-synaptic action potentials
that arrive at its membrane even after converging to a balanced
firing regime. The rule is defined by the following equation:

FðDtÞ ¼
Aþ eDt=tþ if Dto0

�A�e�ðDt=t�Þ if DtZ0

(
ð7Þ

In Eq. (7) the timing constants tþ ,t� determine the time
window that when Dt falls in, the synapse is strengthened or
weakened. Polarization and depression of an STDP synapse is
relative to the time difference (Dt) between the firings of the pre-
and post-synaptic neurons. The learning rate parameters Aþ ,A�
determine the maximum change of synaptic modification that is
allowed to occur. With the appropriate initialization of the t+ and
t� timing constants, the integral of an STDP function becomes
negative (Fig. 2), and therefore the rule presents a tendency to
weaken the connection. Because of this property, non-causal

Fig. 2. The depression (bottom right) and polarization (top left) updates (y axis) in

the weight of the STDP connections for different values of Dt (x axis). The

parameters of Eq. (7) are set to: A+¼0.0002, A�¼�0.0002, t+¼2, t�¼5. The

choice of these parameters results in the integral of F(Dt) being negative, so that

the synapse will present a tendency to weaken.
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coincidences (caused by pre-synaptic spiking events, occurring
sporadically before and after the post-synaptic action potential)
after a few cycles vanish. In contrast, pre-synaptic neurons that
present a strong tendency to fire only before a post-synaptic action
potential will eventually strengthen their synapses with that neu-
ron, leading to more stable and robust associations.

Due to these properties, STDP has been employed in a large
number of computational models including ones that deal with
temporal pattern recognition [56], coincidence detection [57] and
directional selectivity [58]. Nonetheless, STDP fails to deal with
some standard problems of associative learning, such as recover-
ing neurons that are unable to fire, due to for example small input.
To confront this problem, in our simulation we have selected a
relatively small value for the threshold y of Eq. (2) (see also A.1,
Table 3), in order to ensure that on each training session a consider-
able number of neurons will be active. The importance of the robust
associations formed due to STDP in the current model implementa-
tion becomes evident during the sole observation and observational
learning phases, where the model is able to activate the same neural
representations as in the observation/execution phase even though
the proprioceptive input is not available. Fig. 2 illustrates how the
weight is updated relative to the time difference between a pre-
synaptic and a post-synaptic spike, for an STDP connection with
A�¼�0.0002, A+¼0.0002 and tþ ¼ 2, t� ¼ 5.

Associations between two regions that are connected with
STDP synapses are formed by correlating neurons with similar
firing frequencies. STDP accomplishes this by strengthening the
synaptic connections between a pre-synaptic and a post-synaptic
neuron if the former’s firings contribute maximally to the latter’s
spike responses. This contribution is determined by exponentially
strengthening a synapse between the two neurons if the pre-
synaptic neuron’s firing has occurred within a small time window
(determined by t� and t+ parameters) before the post-synaptic
neuron’s last firing. In our model STDP is used in two instances:
(i) to form associations among the neural representations that are
encoded in different neural networks and (ii) to promote compe-
tition between the neurons of the same networks.

In the first case, where associations between two neural net-
works are formed, we use excitatory STDP synaptic connections
sparsely created from the neurons of one neural network towards
the neurons of another. Additional details about the parameters of
these connections are given in the Appendix, Table 3.

In addition to the inter-network connectivity described above,
STDP is also used to connect neurons of the same network. This
second type of learning synapses, termed as lateral-inhibitory, is
implemented as inhibitory STDP connections densely formed among
the neurons of the same network (networks that employ lateral
inhibitory connections are marked with a line crossing their neurons
in Fig. 1, e.g. SPL network). The lateral-inhibitory connections ensure
that the dominant firing neurons of a network will suppress the
stimulation of less active cells. As a result the distributed represen-
tation encoded in each network will consist of neurons whose firing
patterns concentrate more on the peaks of their tuning curves, and
thus are more stable when responding to different inputs. Table 3 in
the Appendix, lists the neural networks that employ excitatory and
lateral-inhibitory synapses, while Section 3.5 discusses the type of
information processing that is carried out by those networks.

3.4. Reinforcement learning

In our model new behaviors are taught through the same circuit
for execution and observation, using the connections between the
F5mirror–F5canonical neural networks. The synapses between those
networks are adjusted in a series of observation/execution cycles
(observation/execution phase), using reinforcement learning. More

specifically, in this phase the agent is shown the visual depiction of
an object (encoded in the V1V4corners and V1V4XYaxisRatio networks as
discussed in Section 3.2) and a certain behavior (encoded in the MT
network). This results in activating neurons in the AIPvisual, AIPmotor,
SPL and F5mirrornetworks (through the proprioceptive association
and visual object recognition pathways), which project directly
to the F5canonical neurons. This gives rise to the initial execution of
a random behavior, which is progressively corrected in a series of
observation/execution cycles using reinforcement learning based on
a reward signal. The latter calculates the extent to which a behavior
generated by the motor control circuitry resembles the behavior
that was demonstrated to the agent. It is calculated on every step,
for the whole presentation Ta¼100 ms of the object, using the
following equation:

rðTaÞ ¼

P
Ta
ðMT

index,d�MT
index,gÞþ

P
Ta
ðMT

thumb,d�MT
thumb,gÞþ

P
Ta
ðMT

middle,d�MT
middle,gÞ

3�Ta
�0:5

ð8Þ

where MT
finger,d (finger assumes the instances index, middle, thumb) is

a binary reinforcement signal (0 or 1) that indicates whether the
demonstrator’s finger moved during the 1 ms period and MT

finger,g a
binary value that is set to 1 when the observer’s corresponding
finger moved during the same period and 0 otherwise. MT

finger,d and
MT

finger,gare calculated every 1 ms for the three fingers of our agent,
and the result is summed and rescaled to the � 1

2 � � �
1
2

� �
range in

order to estimate the reward signal r(t) used in Eq. (9). At the end of
each cycle Ta¼100 ms, this reward signal is used to compute the
weight update of the reinforcement learning synapses between the
neurons of the F5mirror�F5canonical networks. Negative values indi-
cate a negative reward, i.e. the generated behavior does not
resemble the demonstrated one, while positive values indicate a
positive reward.

Using the reward signal from Eq. (8), reinforcement learning is
then applied in order to update the connections mentioned above.
Each connection’s update is derived by combining the reward
signal that is generated using Eq. (8) and an eligibility trace z(t)
which determines the extent of the contribution of a pre-synaptic
neuron to the post-synaptic neuron’s firing state, according to the
following equation:

wðtÞ ¼wðt�1Þþg�rðtÞ�zðtÞ ð9Þ

where g is the step size parameter, which in our model was
experimentally set to the value of 0.002. Assuming that the
process that generated the F5canonical neurons’ spike trains is a
point-process with probability of generating a spike mðyðtÞ,yÞ the
eligibility trace is calculated using Eq.(10)

zðtþ1Þ ¼ b�zðtÞþ
rmðyðtÞ,yÞ
mðyðtÞ,yÞ

ð10Þ

In our models the bias-variance trade-off parameter b is set to
0.5. Due to the linear dynamics of the LIF model, an analytical
form of the probability of generating a spike mðyðtÞ,yÞ can be
derived from Eqs. (1)–(5) [14], resulting in the eligibility trace
of Eq. (11)

zðtþDÞ ¼ b�zðtÞþðzðtÞ�sðtÞÞ l
c
�
X

f

exp
t�tj

tm

� �
ð11Þ

Where f denotes all pre-synaptic firing events (tj) that have
occurred after the last post-synaptic spike, z(t) is the spiking
point process, l determines the steepness of the sigmoid function
and c¼tm/R (from Eq. (1)).

3.5. Model pathways

In the preceding sections we have outlined the details regarding
the neuron and synaptic models used throughout the networks of
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our model. In the current section we provide an analytic description
of how all these are employed in order to construct a model of
observational learning of novel objects based on the extended
overlapping activations between action observation/execution. Fol-
lowing the design principle of pathways described in Section 3, the
following section provides details about the implementation of the
(i) object recognition, (ii) proprioceptive association and (iii) beha-
vior learning pathways.

3.5.1. Object recognition pathway

The first entry point of information in the current model is
through regions V1V4corners and V1V4XYaxisRatio. Those two net-
works are responsible for encoding the properties of the demon-
strated object into population code as described in Section 3.2.
The output from those two networks is associated in region
AIPvisual which during training forms neuronal clusters in res-
ponse to its inputs. The formation of clusters in AIPvisual is
accomplished by connecting neurons that are close together with
excitatory links, and neurons that are distant from each other
with inhibitory synapses. To determine their topological position
in the network, neurons are assigned a pair of integer x,y
coordinates during initialization. Neurons that have a Euclidean
distance smaller than 3 units are connected with excitatory
synapses, while neurons more far apart with inhibitory synapses.
The weights of the excitatory synaptic links are initialized to a
random value in the range of [0y0.1] while the weights of the
inhibitory synapses to a random value in the range of [�0.1y0].
The learning rates (A+,A� parameters of Eq. (7)) of the STDP
connections are set to 0.0002, following research that indicates that
a small value for the learning rate of an associative connection
facilitates the extraction of the first principal component of the
input [47]. The time constants t+ ,t� of the STDP connections are set
to 2 and 5, respectively, which results in a learning time window
that weakens or strengthens the synapse between pre and post-
synaptic neurons when their spike time differences fall into the
ranges of [�10y0] and [0y20] ms, respectively. The V1V4corners

and V1V4XYaxisRatio networks are densely connected to the AIPvisual

region, so that when an object is viewed by the agent more than one
cluster of neurons is activated. These compete during training
(through their inhibitory connections), and the dominant cluster
suppresses the activation of others. To ensure that diverse objects
are clustered in different topological regions in the network space of
AIPvisual, a competition mechanism has been used in the synapses
between V1V4corners–AIPvisual and V1V4XYAxisRatio–AIPvisual. More
specifically, the weights of all synapses of a neuron in AIPvisual from
the V1V4corners and V1V4XYAxisRatio networks are normalized in the
[0y1] range. As a result, when a certain neuron in the input
strengthens its connections with a specific cluster, it also suppresses
the strength of the connections between that cluster and the
remaining neurons in the input.

The neural code in AIPvisual is formed as follows. When an object
is present in the scene, we extract a 2D figure from the simulator
and use the Matlab software to calculate the number of corners,
using the Harris and Stephens operator [59] and its X/Y axis ratio
(see A.2 for details). The values extracted from the visual processing
stage are input to the V1V4corners and V1V4XYaxisRatio networks,
respectively. As a result, neurons in those two networks start firing
with an average firing frequency that is relative to how close is their
tuning value to the input. The active neurons in the two input
networks subsequently activate different neurons in the AIPvisual

network. The clusters that these neurons belong to will then
compete with each other for the representation of the input net-
work. Due to the normalization in the synapses of the AIPvisual

neurons, the cluster that wins the competition will also suppress the
strengths of the connections with the remaining input neural repre-
sentations. After a small number of simulation steps, neurons in

AIPvisual with relatively small firing frequencies will be shunted by
neurons with more dominant firings and the final neural code
representing the object will be formed.

3.5.2. Proprioceptive association pathway

This pathway includes regions Scproprioceptive, SI, SPL, AIPmotor,

VIP and MT, and is assigned two tasks:(i) to form the neural codes
that represent the motion of the fingers of our cognitive agent
(these codes are used from the motor control circuitry through
the SI–MI connections and for generating a behavior through the
AIPmotor–F5mirror connections) and (ii) to build a correspondence
between the agent’s and the demonstrator’s actions (through the
VIP–SPL circuit). An analytic description of the two functions
performed by the pathway is given in the following.

The process that allows the formation of the proprioceptive

codes of the pathway involves the Scproprioceptive, SI, SPL, AIPmotor

and VIP regions. More specifically, in the developed model,
Scproprioceptive contains three sub-populations, each assigned to
one of the index, middle and thumb fingers. The neurons in these
sub-populations use the tuning neuron model described in
Section 3.2 and are assigned tuning values that span the
[0y1.2] range of possible joint positions (i.e. their average firing
rate is relative to the joint position of the simulated agent).
Scproprioceptive projects to the SI network which also contains
neuron sub-populations assigned to specific fingers. Each finger
neuron class of the Scproprioceptive network is connected with
excitatory synapses to the corresponding neuron class in the SI
network. In turn each sub-population in the SI network projects
to a different cluster of neurons in SPL. Finally, SPL projects to
the AIPmotor network, which through its connections with F5mirror

provides information on the proprioceptive codes of the agent
when generating a behavior. The fact that AIPmotor does not accept
any connections from visual processing areas (e.g. AIPvisual)
ensures that it will only respond to purely motor information.
The neural codes formed in regions SI, SPL and AIPmotor become
progressively sharper (i.e. less distributed and concentrating
more on the peaks of their tuning curves) as they are projected
from the one region to the other. In SPL and AIPmotor, due to the
lateral inhibitory synaptic links, the neural code contains only
high firing frequencies as less active neurons are shunted by more
dominantly firing neurons. This helps the model to converge
faster during training, as the associative processes implemented
in SPL (with region VIP) and AIPmotor (with F5mirror) strengthen
only the synapses of dominant firing neurons. As a result, the
sparse neural code formed in these regions is robust to perturba-
tions caused by small changes in the input patterns, since any
random neurons that might become active will be quickly
shunted by the more dominant firing neurons. When the agent
moves a finger, the value of its joint position is input to the
respective sub-population of the Scproprioceptive neural network.
Neurons in this network with a tuning value equal or close to the
current joint position will start firing with high frequency. Due to
the excitatory synapses between Scproprioceptive and SI, a sub-
population in the SI network will also start firing when its
assigned finger is active. The active SI neurons are used to
recurrently provide proprioceptive information to the MI neural
network for motor control (through the SI–MI connections), as
well as to project to the Superior Parietal network (through the
SI–SPL synapses). The term recurrently here is used to indicate
the closed loop of information between the SI network and the
motor control circuit (the information encoded in SI depends on
the output of the motor control circuit from the previous time
step, which in turn, also depends on the information from SI, due
to the SI–MI connections, in order to generate the movement of
the agent for the next time-step). The SPL network is sparsely
(with a measure of 40%) interconnected to the AIPmotor network
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(i.e. a neuron from SPL is connected to 60% of the neurons in
AIPmotor), which holds a distributed representation of the motion
of the active fingers.

In addition to the formation of the proprioceptive codes, the
proprioceptive association pathway is also responsible for the action

association function. This is accomplished using the SI–SPL–VIP
circuitry as follows: SPL, apart from SI, also accepts connections
from VIP, i.e. the region encoding a distributed representation of
the demonstrator’s active fingers. These synapses (VIP–SPL)
undergo a competition process which aims at associating the
neural representations of the agent’s fingers with the neural
representation formed for the demonstrator’s fingers. More spe-
cifically, during training, the joint values of the demonstrator’s
fingers are input in the MT neural network. MT projects directly
to VIP, with excitatory STDP synapses, and as a result the MT–VIP
circuit encodes a distributed neural representation of the per-
ceived motion of the fingers of the demonstrator. Therefore, the
role of VIP in the current implementation is to hold a neural
representation of how the model represents the actions of the
demonstrator. To associate this representation with the actions of
the agent, the model uses the connections between VIP and SPL
(i.e. the action association is coded in the VIP-SPL synapses). By
design, region SPL contains separate neuron groups that corre-
spond to each finger in the agent’s body. Each group in SPL is
connected with the corresponding cluster from SI that encodes
the motion of the same finger. The weights of these connections
are drawn from a Gaussian distribution with mean 0.02 and sd
0.01. The connections between VIP and SPL are used in order to
create an association between the local SPL code (i.e. grand-
mother cell representation) representing the agent’s actions, and
the distributed code held in VIP representing the demonstrator’s
actions. This association is formed due to a competition mechan-
ism, that normalizes the weights of all synapses (in respect to the
sum of their weights) leading to the same neuron in SPL from VIP
in the [0y1] range. This normalization process forces the neurons
in SPL to compete in order to create an association with the active
VIP neurons. The neurons that win the competition (i.e. become
active) in SPL, strengthen their synapses with the active neurons
in VIP (due to STDP) and also weaken their connections with the
inactive neurons in VIP (due to synaptic normalization). The
excitatory synapses from SI to SPL will give a competitive
advantage to those SPL neurons that correspond to the active
fingers of the agent during the execution of a behavior. Thus after
a few training cycles, and since the agent learns on every iteration
to perform the demonstrated behavior better, the neurons in SPL
that refer to the active fingers of the agent will become more
active, and strengthen their connections with the active VIP
representation. Consequently, a certain VIP representation
(formed in response to the active fingers of the demonstrator)
will also activate the correct combination of fingers in SPL (that
refer to the corresponding fingers of the agent). This circuitry
between VIP and SPL is used during observation, in order to
activate the correct SPL neurons (since the agent is kept immobile
and therefore there is no information from the Scproprioceptive

network).

3.5.3. Behavior learning pathway

The behavior learning pathway exploits information from the
previous two pathways in order to observe and execute a behavior
using the same networks. The entry point for the behavior learning
pathway is in the F5mirror network which accepts connections from
the following neural networks: (i) AIPmotor provides information
about the motor behavior that is being executed by the agent,
(ii) VIP network encoding the current demonstrated behavior and
(iii) AIPvisual provides information about the viewed object. The
neurons in the F5mirror network use the same neuron model that is

described in Eqs. (1)–(4), while their synapses are updated following
the STDP learning rule of Eq. (7). The latter choice is in consistence
with the associative learning hypothesis [60], which suggests that
mirror neurons acquire their response properties because of associa-
tive learning and the correlated experience caused by simultaneously
observing and executing an action. In addition, mirror neurons have
been shown to respond only to transitive actions, i.e. when an object
is present in the scene and the primate executes or observes a
behavior [61,62]. To model this property we have used a group of LIF
neurons with increased firing thresholds. Previous research has
shown that using a firing threshold slightly above the mean value
of the membrane potential during asynchronous input changes the
computation performed by a LIF unit from linear integration of the
pre-synaptic input, to a coincidence detector [63]. Therefore, by nor-
malizing the input current sent to the F5mirror neurons from the
AIPmotor, AIPvisual and VIP regions, to appropriate ranges, the neurons
in the F5mirror network will only become active when the AIPvisual

(object present) and at least one from the AIPmotor (executing) or VIP
(observing) networks is active

IF5mirror,iðtÞ ¼

P
AIPmotor,jwi,jSjðtÞ

4�Nj
þ

P
AIPvisual,kwi,kSkðtÞ

2�Nk
þ

P
VIP,owi,oSoðtÞ

4�No

ð12Þ

Eq. (12) normalizes the input received from AIPmotor and VIP
networks in the [0y0.25] range and the input received from
region AIPvisual in the [0y0.5] range. In addition the firing threshold
of each neuron in the F5mirror network is set to 0.6. As a result, the
mirror neurons of our model cannot be activated from the visual
representation of an object alone (since they do not respond as linear
integrators), but require additionally the input from at least one of
the AIPmotor or VIP neural networks. The scaling of the input from the
latter two networks to the [0y0.25] range ensures that sole input
from either the AIPmotor or VIP networks will not activate the mirror
neurons. This is used in order to ensure that the behavior learning
pathway will only be activated when the agent is observing or
executing in the presence of an object, and thus implicitly models the
mirror neurons’ selectivity for transitive actions [62]. The choice of
normalization constants along with the associative learning rule used
to update the synapses of the F5mirror neurons is discussed under the
spectrum of the existing theories regarding the formation of mirror
neurons in Section 6. Mirror neurons are connected to the F5canonical

network which also receives connections from AIPvisual region. The
synaptic links between F5mirror–F5canonical are updated using the
reinforcement learning rule from Eq. (9), while the synapses between
F5canonical–AIPvisual using the STDP connections from Eq. (7).

3.6. Motor control of the simulated agent

The Sccontrol neural network, which controls the fingers of our
simulated agent, accepts neuron signals from the MI neural network
which encodes in a distributed manner the input signals received
from F5canonical. The complete layout of the motor control circuitry is
illustrated in Fig. 3. The F5canonical network contains three neurons,
each corresponding to a specific finger in the simulated body of the
agent. The F5canonical–MI–Sccontrol–SI–Scproprioceptive circuitry (motor
control circuitry) is evolved using genetic algorithms (the evolution-
ary process is described in the Appendix section A.4) so that when a
neuron in the F5canonical network is active the finger assigned to that
neuron will move.

The motion of a finger in the simulated robot is preprogrammed
to activate the population of neurons in the Scproprioceptive network
that corresponds to that finger. Neurons in those three populations
of the Scproprioceptive network are preprogrammed as discussed in
Section 3.2. Ten neurons are used in each population with k values
spanning the [0y1.2] range, i.e. all the possible joint positions of
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each finger in the simulator. The Scproprioceptive–SI networks are
connected by forming synapses between a population of neurons in
the Scproprioceptive network encoding the motion of a specific finger
joint, and the population of neurons in the SI network assigned to
that finger joint. The SI network is then densely connected to the MI
network in order to recurrently propagate the motion information
that it receives from Scproprioceptive towards MI. More details on how
the signals from Sccontrol are translated to motor commands are
included in the Appendix section A.3. The motor control circuit plans
each consequent motor command using the state of the F5mirror

neurons and the proprioceptive information from SI. When a motor
command is executed from the simulator, it is subsequently encoded
in the Scproprioceptive network and projected to the MI network
through the SI. This recurrency is important so that the agent will
close its fingers up to a certain point.

4. Experimental setup

The experimental setup consists of two simulated robots. The first
is assigned the role of the demonstrator while the second the role of
the observer. The demonstrator is preprogrammed to exhibit the
behavior associated with the object present in the scene. The observer
either executes this behavior in parallel with the demonstrator or just
observes it without moving. The whole set of experiments is divided

in three phases: (i) observation/execution, (ii) sole observation and
(iii) observational learning. Each phase is composed of cycles, i.e. a
fixed number of steps during which a certain behavior is demon-
strated to the simulated agent. After the completion of each cycle the
simulated robot is reset to its initial position. During one observation/
execution cycle the agent is required to (i) observe the demonstrator
performing a behavior, (ii) move simultaneously using the same
combination of fingers and (iii) touch the object. To assess whether
the object is touched on each trial, the robot simulator has been
embellished with binary touch sensors along its fingers. After the end
of the observation/execution phase the agent is taught to execute
correctly different behaviors, associate these behaviors with the
object present in the scene and consequently be able to execute
them whenever that object is shown without having access to the
demonstrator’s motion. During the sole observation and observa-
tional learning phases, the agent is still required to observe another
agent performing the same act but is not allowed to move. All cycles
have a fixed length of 100 ms, and are partitioned to two stages:
(i) presentation of the object and (ii) grasp. During the first two
phases, two different objects are used, a box and a sphere, and each is
associated with a different behavior. During the observational learn-
ing phase a third, novel, object is used, which is distinctly different
from the other two objects (Fig. 4).

Objects are placed in-between the agent’s fingers, with all three
fingers kept open at the initial step. For the sphere, the demonstrator
moved the middle and thumb fingers to contact the object, while for
the box the demonstrator closed its index finger. More details about
the three experiment phases are outlined below.

4.1. Observation/execution phase

During this phase the demonstrator robot exhibits two different
behaviors. In the first, given a sphere object the demonstrator closes
the middle and thumb fingers. During the second, given a box
object, it closes the index finger in order to touch it. Each cycle of
this phase lasts for 100 ms after which the simulated robot is reset
to its initial position and the neurons’ membrane potentials are
initialized to their resting values. The membrane potentials are reset
at the beginning of each cycle so that the state of the neurons will
reflect the state of the robot’s joints (which are also reset to a preset
position at the beginning of each cycle). During the first 10 ms, the
observer is only shown the object in order to build the correspond-
ing code representation in the AIPvisual region through the visual
object recognition pathway. During the remaining 90 ms the agent
is shown the behavior associated with that object, and initiates the
neurons of F5canonical in order to execute it (Fig. 5). This behavior is
evaluated using the reward signal of Eq. (8), and the connections of
the F5canonical neurons are updated through Eq. (9) in order to correct
it according to the behavior that was demonstrated to the agent.
After a series of observation/execution cycles, the agent progres-
sively rectifies the generated behavior by moving the correct
combination of fingers, and thus reducing the behavior error. During
training, the agent also changes the appropriate connections
between VIP and SPL in order to learn the correspondence between
the fingers in its own action and the action of the demonstrator.

Fig. 3. The F5canonical–MI–Sccontrol–SI–Scproprioceptive circuitry, used to control the

fingers of the simulated agent. After evolution, the circuit is configured so that

activations in the F5canonical neurons result in the respective motor commands in

the Sccontrol network. Instance shown in the figure depicts the case where the

thumb neuron is activated in F5canonical resulting in the corresponding activation

in the Sccontrol network. The dashed arrow at the bottom of the figure shows how

the motor commands from Sccontrol are input to the Scproprioceptive network at the

next step.

Fig. 4. The objects used during the observation/execution and observational

learning phases. The sphere was associated with the first behavior (close middle

and thumb), while the box with the second (close index finger). The third object

(2-corner shape) was used during the observational learning phase.

E. Hourdakis et al. / Neurocomputing 74 (2011) 1135–1155 1143



Author's personal copy

4.2. Sole observation phase

During the sole observation phase the simulated agent is again
shown an object and the corresponding motion of the demonstrator.
However during this phase, the output of the Sccontrol neural
network is not sent to the simulator and thus the neurons in the
Scproprioceptive network are inactive. Due to this, any top-down and
bottom-up modulatory effects caused by the Scproprioceptive activation
are canceled during observation. As a result, the activations of the
model regions during observation are only attributed to the infor-
mation propagated by the other two input streams (i.e. object
recognition and observation of demonstrator’s movement).

4.3. Observational learning phase

During observational learning, the simulated robotic agent is
shown one of the behaviors that were taught during the observa-
tion/execution phase, and a novel object. The aim of this phase is
to test whether it can learn to associate an already known behavior
to a new object, without replicating it with its own simulated body,
but with sole observation.

5. Results

In the following section we present and discuss the evaluation of
the model focusing on four issues: (i) the learning of the two
behaviors during the observation/execution phase, (ii) the extent to
which the individual networks could be activated during the sole
observation phase and whether these lower activations yielded any
interesting properties regarding the learning capacities of the model,

(iii) whether the agent could learn to associate a known behavior
with a new object during the observational learning phase and
whether the two behaviors taught during observation/execution are
preserved after observational learning, and (iv) how the agent
responds to unknown objects other than the ones it was trained.

5.1. Behavior learning

The agent learns new behaviors by observing the demonstrator.
Each behavior exhibited by the demonstrator is encoded in the MT
network while the object in the V1V4corners and V1V4XYAxisRatio

networks. The input networks activate the visual object recognition,
proprioceptive association and behavior learning pathways as out-
lined in Section 3.5. The agent executes a behavior, and the F5mirror–
F5canonical connections are updated using reinforcement learning. In
addition after a few trials, a cluster starts forming in AIPvisual which
encodes the object present on the scene and the AIPvisual–F5canonical

connections strengthen. After the completion of the Ta¼100 ms
cycle the simulator is reset to its starting position.

Reinforcement training is run for 70 cycles until the agent
minimizes the error between the executed and demonstrated
behaviors. The output of the training error, re-scaled to the [0y1]
range, is plotted in Fig. 6 for the two behaviors considered during
the observation/execution phase.

As the figure shows, the error reaches 0 after approximately 70
cycles. At this point, the spikes on both error plots diminish, since the
algorithm has converged, and the response of the F5canonical neurons
on subsequent cycles does not require any further rectification.

After training, given a known object the agent is able to select
and execute the correct behavior without any assistance from the

Fig. 5. (left) The two stages of an observation/execution phase. (right) The robot after successfully grasping an object with the appropriate combination of fingers.

Fig. 6. Training error for the reinforcement learning connections during the demonstration of the first (left plot, close middle and thumb fingers) and second (right plot,

close index finger) behavior. The error signal from the three F5canonical neurons is summed and plotted over all trials.

E. Hourdakis et al. / Neurocomputing 74 (2011) 1135–11551144



Author's personal copy

demonstrator (i.e. the MT and VIP networks are inactive). This is
accomplished as follows. When the object is shown to the agent,
the cluster of neurons in AIPvisual that was formed during training
in response to that object becomes active, and the F5canonical

neurons that have been associated with that cluster start firing.

The agent starts moving its fingers through the motor control
circuit, and the proprioceptive association pathway is activated.
Finally, the F5mirror neurons become active (due to connections
from AIPvisual and AIPmotor which are both now active) and the
correct behavior unfolds using the connections from both the

Fig. 7. The behavior executed by the agent when presented with the sphere object, after the observation/execution phase. Above: a plot of the world coordinates of the

three finger tips, along with a wireframe, transparent version of the object. Below: velocity profiles for the index, middle and thumb fingers during the 100 ms cycle.

Fig. 8. The behavior executed by the agent when presented with the box object, after the observation/execution phase. Above: a plot of the world coordinates of the three

finger tips, along with a wireframe, transparent version of the object. Below: velocity profiles for the index, middle and thumb fingers during the 100 ms cycle.
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F5mirror and AIPvisual networks. In the following figures we show
the trajectories and speed profiles of the first (Fig. 7) and second
(Fig. 8) behavior, executed by the agent when the two objects that
were used during training are presented.

After reaching the object, the simulated agent stops closing its
fingers but still continues to exert a force for a small period. This
force varies from trial to trial and depends on the speed of each
finger when approaching the object.

5.2. Neural network activations during execution and observation

cycles

As already mentioned, during the sole observation phase
(i) the output of the Sccontrol network was not used to control
the joints of the simulated robot and (ii) none of the neurons in
the Scproprioceptive network were active. Despite this fact, the
model activated regions SPL, IPL, MI and SI at a lower rate
compared to the activation level during execution. This is attrib-
uted to the fact that after the successful completion of the
observation/execution phase, the neurons that are activated in
the SPL network in response to the observation of the demon-
strator’s finger motion correspond to the neurons that encode the
agent’s respective finger motions. Fig. 9 illustrates the activations
during the observation/execution and sole observation phases for
the five neural networks.

Computationally we can attribute the network activations
during sole observation to the active visual input of the model,
originating from regions V1V4corners, V1V4XYaxisRatio and MT.
During observation, the agent is still shown the object and
demonstrated with the associated behavior. Thus, SPL using only
the synaptic links from VIP becomes active during observation,

with a smaller firing rate. Consequently connections between
the SPL–SI, SI–MI and SPL–AIPmotor networks activate the latter
networks in each pair. The neurons in the sub-populations of the
SI are activated at a lower rate than during execution since there
is not input from the Scproprioceptive network. The lower activations
of the SI network result in the MI SPL and AIPmotor networks
(which accept projections from SI) to also be activated at lower
rates. Finally, since the AIPmotor, AIPvisual and VIP networks are
active during both observation and execution, the F5mirror and
F5canonical neurons also become active.

5.3. Investigation of the neuron properties during

observation/execution

The results presented in the previous section indicate that the
model exhibited lower regional activations during sole observa-
tion of a behavior as in Ref. [2]. However these activations cannot
be beneficial to a computational model if the corresponding neural
representations that are active during observation are not consistent
with the ones during execution. Moreover, to facilitate the form of
observational learning we are considering, apart from activating the
aforementioned networks during sole observation, it is also impor-
tant to activate the appropriate neural representations that corre-
spond to the demonstrated behavior. In the current section we look
more thoroughly to the individual neuron activations in the AIPmotor

and SPL regions of the model in order to investigate whether any
informative predictions can be derived regarding the neuron activa-
tions during the observation/execution and sole observation phases.

A comparison of the active neurons during observation and
execution indicates that the above mentioned networks activate
the same neurons during the two phases. Consequently, the lower

Fig. 9. The activations of the IPL, SPL, SI, MI and F5networks, during the observation/execution (blue bars) and sole observation cycle (red bars). The left activation plot

shows the network activations during the first behavior (close middle and thumb), while the right plot shows the network activations during the second behavior (close

index). Network activations are produced by averaging all neuron spike emissions over a 100 ms trial, for all neurons of a network. The legend on each plot shows the

percent of activation during observation compared with the activation during execution (as in Table 1). (For interpretation of the references to color in this figure legend,

the reader is referred to the web version of this article.)

Fig. 10. Neuron activations for the observation/execution (blue bars) and sole observation(red bars) phases for the SPL network during the first (plot 1, close middle and

thumb) and second (plot 2, close index) behavior and IPL network during the first (plot 3, close middle and thumb) and second (plot 3, close index) behavior.
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regional activations during the sole observation phase are caused
due to some of the neurons that were active during the observation/
execution phase being activated at a lower percent during observa-
tion. Fig. 10 (plots 1, 2) illustrates the neuron activations for the SPL
region, during the execution (blue bars) and observation (red bars)
of the first (left plot) and second (right plot) behaviors.

As Fig. 10 illustrates, the SPL region activated the same pattern
of neurons during execution and observation. This indicates that
after training, due to the competition mechanism implemented in
the connections of VIP–SPL, the neurons in SPL learn to correctly
identify the code stored in VIP, and activate accordingly. This is
evident from the activations shown in Fig. 10 (plots 1, 2), where
neurons #1,2,3 correspond to the middle finger, neurons #7,8,9
correspond to the thumb finger, while neurons #4,5,6 correspond
to the index finger. During execution (blue bars) and observation
(red bars) of both behaviors the same combination of fingers is
active. This means that the neurons in SPL that are selective to the
motion of a finger of the agent, also respond (using the visual
feedback from VIP) when the demonstrator is moving the respec-
tive finger. Similarly, the same neurons are also activated in
AIPmotor. Fig. 10 (plots 3, 4) illustrates this by plotting the activations
of the AIPmotor region, during the execution (blue bars) and observa-
tion (red bars) of the first (left) and second (right) behaviors.

5.4. Observational learning

During this phase the goal is to assess the ability of the agent
to associate a novel object with one of the two behaviors taught
during the observation/execution phase and subsequently be able
to execute this behavior whenever this object is presented. This
learning process is implemented in the connections between
F5mirror–F5canonical and AIPvisual–F5canonical in the behavior learning
pathway. The main difference between the observational learning
and the observation/execution phase is that during the former,
the agent is not allowed to move.

As already mentioned, in the current phase, the agent is shown a
novel object and at the same time demonstrated a known behavior,
but is not allowed to move. Therefore the MT, V1V4corners and
V1V4XYaxisRatio regions are activated. Using the synaptic links between
VIP and SPL, the agent knows how to activate the neurons in SPL that
correspond to the active fingers of the demonstrator, and conse-
quently all the remaining networks as outlined in Section 3.5. These
activations project through the AIPmotor network to the F5mirror

network. Due to the learning during the observation/execution phase,
the neurons in the F5mirror network that are activated are the ones
that respond maximally to the behavior being demonstrated. In
addition due to the new object being shown in AIPvisual the neuron
cluster that will be activated will be associated with the active
neurons in F5mirror and F5canonical. After approximately 25–30 obser-
vational learning trials, the neurons with lower firing frequencies
are suppressed and the only neurons that fire in the F5mirror network
are the ones responding to the known behavior shown to the agent.
These neurons build their synaptic efficacies with the neurons of
AIPvisual that demonstrate a new object, and thus an already known
behavior will be associated with a new object. The following
figure (Fig. 11) illustrates the behavior that the agent executes when
viewing a novel object (2-corner object of Fig. 4) before observational
learning. As the figure shows, before observational learning the agent
moves its fingers sporadically.

Subsequently we presented the 2-corner object, and pro-
grammed the demonstrator to exhibit the first behavior (close
middle and thumb fingers) without allowing the agent to move.
Fig. 12 shows how the agent responds after observational learning.

As Fig. 12 illustrates, after the observational learning stage,
when the new object is shown to the agent, the latter activates
only the middle and thumb fingers. This indicates that the agent
has learned to associate a previously taught behavior with a new
object only by observation.

Finally, we note that after the observational learning phase,
the agent is still able to execute the two behaviors learned during
the observation/execution phase. This is due to the fact that in

Fig. 11. Trajectories and speed profiles of the three fingers of the agent in response to a novel object before the observational learning phase. Above: a plot of the world coordinates

of the three finger tips, along with a wireframe, transparent version of the object. Below: velocity profiles for the index, middle and thumb fingers during the 100 ms cycle.
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the AIPvisual network, different objects activate different clusters
of neurons. Thus when the novel object is presented during the
observational learning stage, it activates a different cluster in the
AIPvisual network than the other two objects. Consequently, learning
of the new behavior during the observational learning stage
will employ a different set of synapses between the AIPvisual and
F5canonical networks and will not interfere with the synapses used in
previous behaviors. This property allows the agent to learn to
associate new or existing behaviors to novel objects, without
disturbing previous knowledge, as long as the object shown each
time is considerably different to previous objects.

As Fig. 13 illustrates, after the observational learning stage, the
agent is still able to execute the (i) close middle and thumb behavior
(left plot) when shown the sphere object and the (ii) close index
finger (right plot) when shown the box object.

5.5. Generalization abilities of the agent

In addition to the evaluation of the agent’s capacity to execute
the correct behavior, we also tested its ability to generalize to
unknown objects. More specifically a series of objects were shown
to the agent, some similar to the ones used during the training
phase, and some different. The different objects used during this
stage include (i) a box with 5 corners and the same X/Y axis ratio,
(ii) a box with four corners and a 2/3 of the initial axis ratio, (iii) a
shape with 8 corners, (iv) an ellipsoid with 2/3 of the initial XY

axis ratio and (v) an ellipsoid with 3 times the initial XY axis
ratio (Fig. 14).

The behaviors executed by the agent when those objects were
present are shown in Table 2. It is evident that the agent can
generalize the taught behaviors to unknown objects, i.e. is able to

Fig. 12. Trajectories and speed profiles of the three fingers of the agent in response to a novel object after the observational learning phase. As the figure illustrates, the

agent has learned to associate the first behavior with a novel object only by observation. Above: a plot of the world coordinates of the three finger tips, along with a

wireframe, transparent version of the object. Below: velocity profiles for the index, middle and thumb fingers during the 100 ms cycle.

Fig. 13. The two behaviors executed by the agent when shown the sphere (left) and box (right) objects. As the figure shows, the agent after the observational learning

phase is still able to execute the two behaviors taught during the observation/execution phase.

E. Hourdakis et al. / Neurocomputing 74 (2011) 1135–11551148



Author's personal copy

select the correct action even when the object that is presented is
not an exact replica of the object used during training. This effect is
caused due to the population coding used to encode the object
properties in the input networks and the self-organization process in
the AIPvisual region. One of the main properties of population coding
is that neurons except from the representation that are selective to
(i.e. where they exhibit a maximum firing rate activation) they also
participate with lower activation to other representations.

Due to the Gaussian shaped kernel (Eq. (6)) that is used for
encoding the membrane potential of each cell, neurons also con-
tribute to neighboring values to their selective value. As a result,
when for example the value of 4 is input to the V1V4corners network,
to indicate an object with four corners, neurons that participate in
the representations for the 5 and 3 corners also become active with
lower firing frequencies. Consequently, these active neurons will
also strengthen their connections during training with the AIPvisual

neurons. This property is controlled by the s variable of Eq. (6),
which manipulates the range of selectivity for a given neuron. If s is
excessively high, then a certain neural representation will include
neurons that participate in several other representations, whereas if
it is very low, the neurons active in a certain representation will not
be active anywhere else. In the current simulation we have used the
value of 4 for the s parameter, which allowed us to achieve the
generalization properties presented in Table 2.

6. Discussion

Recent neuroscientific experiments investigated the activation of
regions in the brain cortex of primates when observing or executing
a grasp behavior [1,2]. Results from these studies indicate that the
same pathway of regions was activated during observation and
execution of a behavior. This has led researchers to believe that
during observation the primate is internally simulating the observed
act, using its own cognitive circuits to comprehend it. The above
mentioned neuroscientific studies suggest that the mirror neurons
are only part of a larger circuitry that is employed by primates in
order to simulate an observed behavior [2]. This circuitry involves
regions in the primary somatosensory and motor cortex, as well
as regions in the parietal lobe. The current paper based on the
neuroscientific results of Refs. [1,2], suggests how this extended
overlapping pathway can be reproduced in a computational model
of action observation/execution, and used for implementing learning
during sole observation. The model has allowed us to derive

informative predictions regarding the possible reasons for the over-
lapping activations during observation, as well as the role of specific
regions in the circuitry. Given the limitations of a computational
model to describe the cortical functions of the brain, these predic-
tions are only considered and discussed in the context of computa-
tional modeling.

The information processing properties that characterize the
regions involved in the execution and observation of grasping
tasks in primates were modeled based on three computational
principles. The binding of neural representations across different
networks was modeled using associative learning synapses imp-
lementing the STDP rule [15]. The feedback required for teaching
the agent new behaviors is modeled using a derivation of the
Bienenstock–Cooper–Munro learning rule for spike neurons [14].
This algorithm only requires a reinforcement learning signal (which
in our case is binary), instead of a supervised one. Finally, following
the assumption that primates already know how to execute a lower
primitive behavior well before the experiments, the motor control
circuit was configured using a genetic algorithm. This allowed us to
generate a computationally adequate network configuration using
higher level fitness functions of the behavioral tasks.

Results from the model evaluation indicate that by shunting
the motor output of an observing agent, there are several regions
in the computational model that are activated at a lower firing
rate compared to their activation during execution. Computation-
ally, and maybe biologically, the lower activations that those net-
works exhibit are attributed to the fact that during sole observation
the proprioceptive input of the agent is not available. As a result,
during observation the number of active afferent projections towards
each network is smaller, and therefore its activation is lower. The
average regional activations obtained by our model resemble the
ones obtained by neurophysiological experiments. The differences
between the model and recorded regional activations are attributed
to the fact that for modeling purposes we have considered a subset of
the large number of neuronal classes that exist in those regions.

The activations during observation are accomplished using an
action correspondence circuitry, within the proprioceptive asso-
ciation pathway, that allows the agent to learn to associate its
own joint angles with the joint angles of the demonstrator dur-
ing the observation/execution phase. As a result, while observing
another agent performing a known grasp behavior, the model
excites the corresponding neural representations in the Parietal
regions that refer to its own body posture. The activation of those
regions during observation is, at least computationally, respon-
sible for partially activating the remaining regions in the model.
In the current implementation, this correspondence problem is
only solved in action space, i.e. the agent matches its own actions
with the actions performed by the demonstrator [64]. This is
accomplished in the MT–VIP–SPL circuitry, where the joint values
of the demonstrator from MT are translated to a distributed code
in VIP (representing how the agent represents the observer’s
action) and matched with the agent’s own action coded in SPL.
Due to the existence of SPL in this pathway, the agent must also
learn to manipulate its own body before relating its effectors to
the demonstrator’s. More elaborate versions of this correspon-
dence association mechanism could include mapping between
dissimilar bodies, mapping of the state space of the demonstrator
or even associating body postures perceived in different frames
of reference [64].

In addition to the overlapping pathway of regions activated
during observation and execution, our model exhibits another im-
portant property. It shows that, not only the same regions, but
also the same neural representations are activated during obser-
vation, a fact that as already shown facilitates learning. This effect
is attributed to the STDP synapses and the linear (outside the
refractory period) integration (Eq. (5)) that is used to model

Fig. 14. The 5 new objects used during the testing phase.

Table 2
The behaviors executed by the agent when different objects, than the ones trained,

are presented.

Shape description Behavior selected

Box with 5 corners and the same XY axis ratio Behavior 1

Box with four corners and a 2/3 of the initial axis ratio Behavior 1

Shape with 8 corners No behavior

Sphere with 2/3 of the initial XY axis ratio Behavior 2

Sphere with 3 times the initial axis ratio No behavior
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the incoming current of the neuron. The importance of these two
properties becomes more evident when looking at how neural
representations are formed during training of the model. More
specifically, during the observation/execution phase, the synapses
that use STDP undergo a competition process for the control of
post-synaptic cell firings [15]. The synapses that lose the compe-
tition depolarize, leaving only those that represent a causal
relationship between two neurons to survive. The term causal
here is used to describe the relationship between the response
behavior of the pre- and post-synaptic neurons. In contrast to
Hebbian learning, that treats causality as correlation (derived
from cell co-activation), STDP requires a pre-synaptic neuron to
fire persistently before the post-synaptic action potential in order
to strengthen the connection. As a result, in the current model
implementation, after the observation/execution phase only the
synapses that describe a robust association (i.e. persistent and
mutually correlated at the level of individual spikes) between
their two neurons will remain strengthened. Consequently, dur-
ing the observational learning and sole observation phases the
networks continue to activate the same neural representations as
before even though some of the inputs to the model are kept
silent. The fact that these common neural representations con-
tinue to exist, and further strengthen, even when neurons fire
with lower frequencies is attributed to the linear model used for
integrating pre-synaptic input (Eq. (5)). More specifically, even
though all networks in the model exhibit a lower firing frequency
during the sole observation and observational learning phases,
the action potentials of their neurons maintain their temporal
relationship. Thus, neurons that are active in these common
representations will exhibit proportional firing frequencies, i.e. a
pre-synaptic neuron that fires just before a post-synaptic neuron
during the observation/execution phase, will continue to do so
during the sole observation phase, because both neurons fire with
lower frequency. We also point out that the retrieval of a pattern
using partial input can be accomplished using Hebbian synapses
[65,66]. However given the architecture of the model networks
and the choice of the neuron model of the current implementa-
tion, the use of STDP connections allows to better address certain
issues(discussed in Section 3.3) that would require additional
considerations if Hebbian synapses were used.

To develop the properties of the neurons in the F5mirror net-
work we have used two computational principles, associative
learning and input normalization. In computational neuroscience,
theories regarding the formation of mirror neurons fall into two
categories. The first, adaptation hypothesis, is implicitly suggested
in various articles [3,67], and claims that mirror neurons are the
result of ontogenetic development, and thus most of their wiring is
genetically inherited. The theory is supported by experimental
evidence that demonstrates the ability of infant primates to imitate
[68–70]. According to the adaptation hypothesis, mirror neurons
have been favored by natural selection due to their properties that
facilitate action understanding, an important component of social
cognition. The second theory suggests that mirror neurons are the
result of associative learning following the experience of the primate
with grasping execution and observation [60,71]. The theory attri-
butes the formation of mirror neurons to common sensorimotor
contingencies, i.e. correlated experience caused by simultaneously
observing and executing an action. To explain the transitive prop-
erty of mirror neurons, the associative learning hypothesis has used
concepts such as stimulus generalization, i.e. the modulation of a
neuron’s response to a stimulus, caused by differences between the
learning stimuli and the experienced stimuli [72]. More recently,
new hypotheses on the formation of mirror neurons are starting to
emerge, that suggest only a certain amount of genetic predisposition
at the neuron level in the mirror system [73]. Attempts to combine
the two theories together have also been made, which show that

mirror neurons could have been the result of ontogenetic develop-
ment and associative learning (e.g. [74]). The approach used in this
model is consistent with the associative learning hypothesis. More
specifically, in our F5mirror network, the neurons acquire their
‘‘mirroring’’ properties during the first observation/execution learn-
ing stage, while the simulated agent observes and learns to execute
an action simultaneously. The associative STDP synapses and the
correlated activity caused from the observation and execution
streams being active at the same time facilitates their development.
The normalization constants are used to fit into the model the
tendency of mirror neurons to fire only when an object is present,
i.e. when goal-directed actions are involved. Their use allows the
F5mirror network of our model to shape its response in respect to the
aforementioned property, even though only some aspects of their
cortical connections are considered.

In the Macaque brain, populations of mirror neurons have
been found in the ventral premotor area F5 [17] and the inferior
parietal lobe [18]. For the human MNS, even though direct cell
recordings are not available, fMRI and PET imaging data show that
it expands to areas beyond those two regions [25]. However there
is still an ongoing debate on whether these mirror neurons are
part of a common or an overlapping neural code. For example a
recent fMRI study in human aIPS [75] has showed that even
though there are some overlapping parts of a neural code during
executed and observed movements, their spatial pattern of
activities is distinctly different. Both the overlapping and common
code interpretations of the neuronal activations during execution
and observation have their pros and cons. If the neural codes
shared during observation and execution are common, then
building the pathway of networks for observation should only
be concerned with replicating that of execution. However in this
case additional issues such as resolving the sense of agency
should be dealt at the level of inter-regional activations of these
regions. If, on the other hand, the neural representations are only
overlapping during execution and observation, then the non-
overlapping parts of the representation could be used to deal with
issues such as agency attribution.

The model also makes an informative prediction, regarding the
role of the superior parietal cortex, and in particular region SPL in
the design of imitation models. Even though this area is usually
neglected by the computational modeling community, our results
show that it could be used for implementing an action corre-
spondence mechanism in artificial agents. Cortically, the region
contains neurons that are somatotopically organized to respond
to various joint and skin stimulation of an agent’s body, and for
this reason SPL has been attributed with holding a representation
of the body schema of the agent [11]. The recently found activation
of SPL during observation of grasping behaviors, reported in the
results of [2], opens a whole new perspective on the possible role of
the region during imitation tasks. In the context of computational
modeling, given the activation of this region during sole observation,
the strong projections it has with regions SI and the connections
from IPL, the model shows that SPL can activate accordingly in order
to respond to the actions of the agent and the demonstrator.

7. Concluding remarks

The current work constitutes an initial attempt towards the
derivation of a detailed computational model of observational
learning using the overlapping pathway of activations between
execution and observation. The developed model exhibited learn-
ing during observation, generalization capacities and interesting
predictions regarding the mechanisms employed for observation
in cortical systems. Further exploitation of relevant neurobiological
findings for computational purposes has the potential to lead to the
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design of artificial agents that, given a certain experience, can learn
to interact and imitate without the explicit replication of a demon-
strated behavior, i.e. agents that support observational learning
similar to their biological counterparts. In our future work we plan
to consider additional neuronal classes and cognitive roles of the
above mentioned regions, in order to portray more accurately the
properties that exist in the biological agents. More importantly, we
will investigate how all the neuronal classes acquire their response
properties in respect to the individual stimulus of the model, for
example whether region F5 acquires any visuo-motor properties post
learning. In addition we will look into the temporal properties of a
demonstrated behavior, and investigate whether they can still be
reconstructed during sole observation, as well as investigate how
learning can be fully facilitated during the observation learning cycle,
by configuring the model to identify known affordances of a given
object during observation. Furthermore, we plan to experiment with
different ways to encode the joints of the robot in order to avoid
canceling the proprioceptive input during observation. We also aim
at investigating more complex versions of the action correspondence
mechanisms, including mapping between dissimilar bodies, in order
to understand how these can facilitate more elaborate versions of
learning during observation. Finally, we are currently exploring how
the aforementioned activations in the somatosensory cortex and
parietal lobe can be used in order to extend the observational learning
capabilities of an agent to learning novel actions only by observation.
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Appendix

In the current section we provide supplementary implementa-
tion details regarding the development of the model. These include
(i) the initialization values used for the parameters in the neurons
and synapses of the neural networks, (ii) details about the visual
processing stage of the model, (iii) how the control of the joints of
the agent is accomplished and (iv) details about the evolution of the
motor control circuit.

A.1. Model implementation details and domain applicability of the

variables used in the model

Implementation details regarding the model are presented in
the sequel. Table 3 lists all parameters used in the equations of
the neurons and synapses, while following that we discuss the
domain applicability of these variables.

A.1.1. Domain applicability of the parameters used

The neuron parameters set in Eqs. (1)–(5) were chosen so that
neurons would respond with regular spiking events, i.e. exhibit
input adaptation. The reset potential ur was set to �60 mV, while
the firing threshold y to �10 mV (well above ur) in order to allow
a considerable integration of pre-synaptic action potentials between
firings. The refractory period ref was set to 1 ms (i.e. a low value), so
that the neuron would respond to different frequencies given varying
input current. Finally, membrane resistance Rm was set to 10 O, and
time constant tm to 30 ms, so that the effect of the input current to

the membrane potential of the neuron would be compatible with the
ur and y values above.

Learning rate of the STDP synapses was set to 0.0002, accord-
ing to research that indicates that a small value of learning rate
allows an associative synapse to extract the first principal compo-
nent of the input. Time constants t+ and t� were set to 2 and 5 ms,
respectively, so that the time window of synaptic modification
would consider spike time differences in the range of 0..20 ms,
which is in accordance to the time limits chosen for the experiment
cycles (100 ms). The negative time constant t� was set to a larger
value than the positive one, so that the integral of the STDP function
is negative, leading to a higher depolarization than polarization of
the synapse, thus preventing non-causal relationships between
neurons to be enforced. The parameters for the reinforcement learn-
ing connection were set as in Ref. [14]. For the learning rate of the
reinforcement connection a value of 0.002 was used so that changes
in the model caused by the reinforcement learning connections
would occur in a smaller timescale than changes due to STDP.

A.2. Visual processing models

In this section we outline the visual input processing models
used for the objects in the scene.

A.2.1. Harris and Stephens operator

To obtain the corners in an image, the partial derivatives (Ix,Iy)
of the image’s intensity signal (I) at the x, y coordinates are

Table 3
Simulation parameters for the neurons, connections and networks in the develo-

ped model.

Symbol Equation Implementation
value

Neuron simulation parameters
LIF Membrane

resistance

Rm Eq. (1) 10 O

Time constant tm Eq. (1) 30 ms

Reset potential ur Eq. (3) �60 mV

Firing threshold y Eq. (2) �10 mV

Refractory

period

ref Eq. (5) 1 msec

Input Tuning value a Eq. (6) 0y1.2

(simulation units)

Tuning sigma s Eq. (6) 4

Connection simulation parameters
STDP Learning rate A+ , A� Eq. (7) 0.0002

Time constant t+ Eq. (7) 2 ms

Time constant t� Eq. (4) 5 ms

Reinforcement Learning rate g Eq. (9) 0.002

Reward value r(t) Eq. (9) �0.5y0.5

Network size Neuron model Connection type

Neural network simulation parameters
V1–V4corners 10 Input neuron None

V1–V4X/Yaxis ratio 10 Input neuron None

AIPvisual 20 LIF STDP

AIPmotor 25 LIF STDP

SPL 15 LIF STDP (from SI)

VIP 25 LIF STDP

MT 15 Input neuron None

F5mirror 15 LIF using Eq. (12) STDP

F5canonical 3 LIF Reinforcement

(from F5mirror)

STDP (from AIPvisual)

MI 15 LIF Updated by the GA

SI 30 LIF Updated by the GA

Sccontrol 12 LIF Updated by the GA

Scproprioceptive 30 Input neuron None
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calculated and then smoothed with a kernel function F

T ¼
FðIxÞ

2 FðIxIyÞ

FðIyIxÞ FðIyÞ
2

" #
ð13Þ

In our implementation we use a rotationally symmetric 2D
Gaussian kernel, with standard deviation 0.5 and kernel size 3�3,
for the F function due to its smoothing properties. Corners, identi-
fied as points of interest are found if the R value

R¼ detðTÞ�k½Tr2ðTÞ� ð14Þ

is above a certain threshold value, which in the current experiments
was set to 0.3. k is a tuning parameter experimentally set to 0.15.

A.2.2. Computation of XY axis ratio for an object

The image is converted from intensity to binary using a thresh-
olding method [76]. The binary image is labeled in order to find the
number of connected pixels and determine the object shape in the
image [77]. Then in the labeled version of the image the x and y axis
lengths are calculated by finding the length (in pixels) between the
first and the last pixel in each respective direction.

A.3. Control of the joints in the Sccontrol network

The joints of the simulated agent are controlled through the
Sccontrol network using three populations of neurons, one assigned
to each finger. Each population contains two neurons responsible
for the contraction of the joint that controls the finger, and two
neurons responsible for its expansion. The contribution of each
neuron to the overall contraction or expansion of each joint is
calculated by averaging the number of spikes it emits during a
period of T¼5 ms according to Eq. (15)

v¼
nðTÞ

T
ð15Þ

where n(T) is the number of spikes emitted by a neuron during
period T. Half of the neurons in each population are responsible for
the contraction of a joint and half are responsible for its expansion.
The normalized sum of the average firing rates of the population
controlling the expansion of the joint is subtracted from the normal-
ized sum of the average firing rates of the population controlling its
contraction. At the end of the 5 ms period the result from Eq. 16 is
sent as a motor command to the simulator. rk is used to determine

the force that is applied to the joint of the robot

rk ¼

P
Nvc�

P
Nve

N
ð16Þ

In Eq. (16), vc represents the average firing rate for each of the
N neurons controlling the opening of a joint k while ve is the
average firing rate for each of the neurons controlling its closing.
At the end of each 5 ms period the acceleration of the joints in the
simulator is set to 0 so that positive values of the rk will result in
the robot opening the finger, while negative values result in
closing it. Fig. 15 illustrates how the output spikes of the Sccontrol

network are transformed into motor commands for the simulator.

A.4. Evolution of the motor control circuitry

Genetic algorithms are employed in order to configure the motor
control circuitry. The operation of the latter is governed by a number
of parameters whose operational values need to be estimated.
Genetic algorithms employing simple higher order fitness functions
derived from the interaction of the agent with the environment can
effectively provide appropriate estimates of the sought parameters.

The training and evolutionary procedure is designed so that the
motion of each finger of the agent will be controlled through the
activation of a specific neuron in the F5canonical group of neurons. For
this reason the evolutionary process exploited the parameters of the
neurons in the Sccontrol and MI networks, as well as the following
connections: F5canonical–MI, MI–MI, MI–Sccontrol and SI–MI. The eva-
luation of each chromosome was accomplished using higher level
fitness functions that rewarded in each trial the network configura-
tions that generated a motion of a finger if its assigned F5canonical

neuron was active (Fig. 3). The chromosomes used for the evolu-
tionary process were constructed by encoding the tm,ref and R para-
meters (from Eqs. (1) and (5)) of the MI and Sccontrol neurons using an
8-bit value representation for each. In addition to that, the parameters
of the connections among the F5canonical–MI, MI–MI, MI–Sccontrol and
SI–MI networks were also encoded in the chromosomes. For each of
these connections we used a 1-bit value to determine whether a con-
nection between two neurons will be formed, 1-bit for the excitation
status (i.e. 1 or 0 to indicate whether the connection is excitatory or
inhibitory) and an 8-bit value to determine the connection’s static
weight.

Fig. 15. Control of the fingers in the hand component of our simulated agent through the Sc network.
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The encoded strings corresponding to the neuron parameters
of the MI network were placed next to the encoded strings of the
connections from and towards the MI network. The encoded
parameters from the MI–Sccontrol connections were placed next,
followed by the Sccontrol neuron parameters. The resulting chro-
mosome string is shown in Fig. 16.

As Fig. 16 shows, the chromosome string is designed to keep the
encodings of a neuron’s parameters close to its connections in order
to minimize unwanted effects from possible separations during
crossovers of the genetic evolution. Upon each evolutionary trial
the neurons in the F5canonical network are activated sequentially for
100 steps and the motion of each finger in the body of the simulated
agent is recorded. At the end of each 100 steps trial all neurons’
membrane potentials are set to their resting value so that consequent
100 steps phases will be independent from each other. The circuitry
F5canonical–MI–Sccontrol–SI–Scproprioceptive is evaluated upon each gen-
eration by summing the motion of the finger that is associated with
the active neuron in the F5canonical network and subtracting the
motion of the other fingers. For example during the first 100 steps of
the first trial, we activate the first neuron in the F5canonical network
and calculate the fitness of the networks according to

ffinger1 ¼
X
100

Mfinger1�
X
100

Mfinger2�
X
100

Mfinger3 ð17Þ

Mfinger,i corresponds to the transformation of the joint of finger i

during the 5 ms period and is calculated by subtracting the last
position of a joint from its current position. Each trial consists of 700
simulation steps. The neurons in the F5canonical network are activated
separately for the first 300 steps, while during the remaining 400
steps we activate combinations of the fingers. The fitness function
used in this second case is

ffinger1,2,3 ¼
X
100

ðMfinger1þMfinger2þMfinger3Þ ð18Þ

The final fitness for each simulation trial of 700 steps is
calculated by summing the individual fitness functions from the
single and combined finger motions

fTRIAL ¼ ffinger1þ ffinger2þ ffinger3þ ffinger1,2þ ffinger1,3þ ffinger2,3þ ffinger1,2,3

ð19Þ

At the beginning of the evolution all connection weights are
randomly initialized in the [0y1] range. The connections between
the neurons of the F5canonical–MI, MI–MI, MI–Sccontrol and SI–MI are
created randomly with a probability of 50% to form a connection,
and 50% for this connection to be excitatory. We used two genetic
operators for evolving the chromosomes shown in Fig. 16, mutation
and single-place roulette wheel crossover. During mutation, the
algorithm randomly switches the bits of the chromosomes with a
probability of 2%. During crossover, each chromosome in the genetic
population is evaluated and placed in an ordered sequence accord-
ing to its fitness. Chromosomes with higher fitness values have a
higher probability of being chosen for crossover. When selected, a
random point is set in the chromosome, which divides the string in

two distinct pieces, and all bits following that point are copied from
the chromosome with the higher fitness to the chromosome with
the lower fitness value. This training procedure was repeated for
approximately 650 generations until the activation in each F5canonical

neuron (through the motor control circuitry) resulted in moving the
finger of the agent that was assigned to that neuron. The average
population fitness for the 650 generations is shown in Fig. 17. The
configuration of the most optimal individual was decoded and used
to initialize the connections and neuron parameters in the motor
control circuitry. The accuracy of the motor control module to move
the fingers of the agent to unknown positions is proportional to the
distance between the designated target value, and the values used
during evolution for evaluating the fitness of the algorithm. This
suggests that the target positions that are used to evaluate the
performance of the circuit during evolution must be carefully
sampled, so that they span the target position space appropriately.
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