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Recognition of Abstract Objects Via Neural Oscillators:
Interaction Among Topological Organization,
Associative Memory and Gamma Band
Synchronization

Mauro Ursino, Elisa Magosso, and Cristiano Cuppini

Abstract—Synchronization of neural activity in the gamma band
is assumed to play a significant role not only in perceptual pro-
cessing, but also in higher cognitive functions. Here, we propose a
neural network of Wilson—Cowan oscillators to simulate recogni-
tion of abstract objects, each represented as a collection of four fea-
tures. Features are ordered in topological maps of oscillators con-
nected via excitatory lateral synapses, to implement a similarity
principle. Experience on previous objects is stored in long-range
synapses connecting the different topological maps, and trained
via timing dependent Hebbian learning (previous knowledge prin-
ciple). Finally, a downstream decision network detects the presence
of a reliable object representation, when all features are oscillating
in synchrony. Simulations performed giving various simultaneous
objects to the network (from 1 to 4), with some missing and/or
modified properties suggest that the network can reconstruct ob-
jects, and segment them from the other simultaneously present ob-
jects, even in case of deteriorated information, noise, and moderate
correlation among the inputs (one common feature). The balance
between sensitivity and specificity depends on the strength of the
Hebbian learning. Achieving a correct reconstruction in all cases,
however, requires ad hoc selection of the oscillation frequency. The
model represents an attempt to investigate the interactions among
topological maps, autoassociative memory, and gamma-band syn-
chronization, for recognition of abstract objects.

Index Terms—Binding problem, Hebbian learning, oscillatory
networks, synchronization and desynchronization, topological
maps.

. INTRODUCTION

BJECT representation in various cognitive functions oc-

curs in a highly parallel and distributed manner, different
features of the objects being processed and coded in distinct and
distant cortical areas [1]. A central question in neurophysiology
is how this distributed neuronal activity is functionally linked to
group the different features into a unitary and coherent object
representation and how features of different objects, simultane-
ously present in the same scene or situation, are segregated to
avoid interference and false conjunctions.
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A recent influential hypothesis [2]-[6], named “temporal
correlation hypothesis,” postulates that neuronal groups repre-
senting different aspects of the same object are bound together
into a cell assembly through synchronization of their activity
in the gamma range (30-100 Hz). Synchronization of cortical
oscillatory activity in the gamma band has been observed
in response to several classes of sensory stimuli and during
different types of processing not only in the visual cortex, but
also in the somatosensory [7], in the auditory [8], [9], and in
the olfactory system [10], [11].

Furthermore, strong arguments support the idea that neural
synchronization plays an essential role not only in low sen-
sory perception but in neural processing in general, including
high-cognitive tasks. Rodriguez et al. [12] recorded electroen-
cephalogram (EEG) activity in subjects who were observing
black-and-white shapes, and observed an increase in gamma-
band synchronization when shapes could be recognized as faces,
compared with meaningless shapes. A role of gamma activity
has been demonstrated in recognition of music [13], word versus
nonwords (where it seems to reflect association between words
and meanings) [14] as well as during visual search tasks [15] and
delayed-matching-to-sample tasks [16]. Recent studies suggest
that theta and gamma oscillations play an important role in for-
mation of declarative memory and retrieval [17], [18] and that
changes in synchrony might be important for processes, such
as expectation and attention [18]. Further studies suggest that
synchronization increases with conscious perception compared
with unconscious (subliminal) processes [19].

In this line of thinking, a stimulating hypothesis, named the
“representational hypothesis” [1] assumes that the same mecha-
nism exploited for bottom-up sensory perception (such as visual
binding) can be extended to the more general idea of object rep-
resentation. This means that gamma activity participates in the
activation, retrieval, and rehearsal of an internal representation
through top-down processes. Furthermore, this mechanism may
also apply across different sensory modalities.

The representational hypothesis, however, involves several
problems. In many high-level cognitive tasks, one needs to
recognize multiple objects simultaneously from external stimuli:
to this end, one needs to compare input stimuli with an
internal representation, to recover lacking information from
previous experience, and maintain this information in memory
avoiding confusion. Furthermore, recognition of objects must
be independent of spatial attributes (such as the position,
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distance, and prospective), must spread across different sensory
modalities, and the objects should be recognized even if they
exhibit some moderate changes compared with a previous
prototypical representation.

Hence, the problem of multiple object recognition is similar
to the classic binding and segmentation problem of sensory per-
ception, with two main differences: objects are considered as
collection of features (which allows spatial invariance), and the
main rules for recognition are prior knowledge and similarity
(whereas low-level Gestalt rules, as proximity, collinearity, and
common fate, are essential in early sensory processing).

The similarity law is implemented in the cortex through topo-
logical maps of features (e.g., the color map and the orienta-
tion map in the visual system, the tonotopic map in the auditory
system, the somatotopic “homunculus” in the somatosensory
system), in which proximal neurons signal similar values of the
feature and tend to be reciprocally connected and coactivated.
As in self-organizing Kohonen maps, topological organization
in the cortex may arise naturally as the result of the long-range
inhibition and short-range excitation, which characterizes brain
connectivity [20]. Since this kind of connectivity is present at
most processing stages in the cortex, topological maps may be
involved in high-level functions; for instance, similarity law can
apply not only to elementary properties of the sensory stimulus
(e.g., edge orientation, color, tone, etc.), but also to more com-
plex features or abstract concepts (such as shapes, faces, ani-
mate, and inanimate objects) [21], [22].

Implementation of prior knowledge inside the structure of
the temporal correlation hypothesis requires connections sus-
ceptible of use-dependent modifications with a temporal preci-
sion in the millisecond range (that is the temporal resolution of
gamma-band synchronization). These conditions have been re-
cently supported by experimental data. The tendency of neurons
to synchronize their response increases if they are repeatedly
engaged in synchronous oscillatory firing in the gamma band,
while the synchronizing tendency decreases if neurons are re-
peatedly engaged in desynchronized oscillatory firing [4]. Re-
cently, it was discovered that the temporal order of the presy-
naptic and the postsynaptic spikes is essential to have synaptic
potentiation or depression [23]. In particular, in order to have
potentiation, synaptic inputs must be activated in a short critical
window 10-20 ms before postsynaptic spiking [24], [25]. Such
rules have been named “spike timing dependent synaptic plas-
ticity,” and are naturally engaged in oscillation networks [26].

Numerous neural network models of oscillators have been
proposed since the mid 1980s in the attempt to elucidate the
role of synchronization in sensory information processing and
in object recognition and retrieval [6], [27]-[60]. These models
differ as to several aspects: the type of oscillators used in the net-
work (spiking neurons in pulse-coupled neural networks, net-
works of relaxation, or Wilson—-Cowan oscillators), the level
of complexity, and the physiological reliability. Most of these
papers are concerned with segmentation in sensory perception.
\Von der Malsburg and Schneider in their pivotal paper [6] exam-
ined segmentation in auditory modality by a network of oscilla-
tors in which neural coupling reflects similarity of local quality.
Many models faced the problem of segmentation of a visual
image by using primitive grouping Gestalt rules such as prox-

imity, good continuation, pixel/orientation similarity, coherent
motion, without involving memory and recognition [28], [40],
[42], [43], [45], [47], [54], [56], [57]. Some of these models
involve multiple layers and areas, either to process separately
different cues of the visual input (such as motion and bright-
ness) [29], [57] or to reflect the anatomical laminar structure of
the visual cortex [56]. Hummel and Biederman [38], [39] de-
veloped an oscillatory neural network for shape recognition: a
viewpoint-invariant structural description of an object is made
possible through temporary synchronization of independent os-
cillator units representing the parts of the object and the rela-
tions among them. More advanced models [27], [41], [55] ad-
dress the scene analysis problem via multilayer systems, encom-
passing initial primitive segmentation and associative memory:
objects are first segmented at an early processing layer by using
low-level spatial rules, then the segmented objects are sent to a
memory layer which performs recognition and learns new mem-
ories. Some models based on oscillators synchronization have
been proposed with application to the problem of segmentation,
recognition, and memorization of odors in the olfactory system
[34], [37], [46], [53]. Wang et al. [53] proposed a model for
sensory segmentation in which connections among oscillators
encode prior knowledge, but dynamical learning was lacking.
The work by Hoshino et al. [37] introduces a law of synaptic
modifications and considers the problem of recognizing pre-
viously learned odors, but not segmentation (i.e., the network
deals with one input at a time). Odors segmentation and learning
of new patterns are addressed in a single model by Hendin and
by Lourenceo et al. [34], [46]. Finally, some papers by Horn et
al. [35], [36], [44] investigated the properties of binding, seg-
mentation, and learning in oscillatory neural networks both by
simulations and analytical calculations. Among the several re-
sults, they found that the processes of binding and segmentation
were facilitated if the inputs to the system, representing simul-
taneously activated memories, possessed noisy components.
Inspired by the previous encouraging results of neural net-
work modeling and by recent studies supporting the role of
gamma-band synchronization in higher cortical functions, we
recently proposed a network of Wilson—Cowan oscillators,
which aspires to simulate segmentation at high cognitive levels,
rather than at low sensory levels [61]. The network realizes
separation of simultaneous objects and their recognition (that
is reconstruction from memory) at a single processing layer, by
grouping together a set of fundamental features on the basis of
two high-level Gestalt rules: similarity and previous knowledge.
We assumed that these basic features are extracted at a former
processing stage and arranged topologically in some areas of
the cortex. Accordingly, the network consists of L (L = 4)
cortical areas, each devoted to the representation of a specific
feature of an object. In order to reduce the mathematical com-
plexity, each area was described as a monodimensional chain of
oscillators, arranged in a topological order. The similarity law
was realized via intra-area connections disposed as a Mexican
hat; the prior knowledge was realized via interarea connections
which link attributes of previously memorized objects. It is
worth noticing that both intra- and interarea synapses were as-
signed a priori, that is, they were not subjected to any learning
process. The network showed good ability both in recovering
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Fig. 1. Schematic diagram describing the general structure of the network. Each gray circle represents an oscillator. Oscillators are organized into four distinct
areas (shadow squares) of 20 20 elements. Each oscillator is connected with other oscillators in the same area via lateral excitatory and inhibitory intra-area

synapses (arrows X and
the Global Inhibitor (see text for details).

an object starting from partial and corrupted input information,
and in separating multiple objects.

In this paper, the previous model is significantly improved
by introducing some important new aspects. The improvements
can be summarized as follows.

1) The oscillators are placed in a bidimensional lattice. This
structure more closely resembles that found in the cere-
bral cortex. In particular, a bidimensional map is more suit-
able to represent the columnar organization of the cortex,
where features may vary both within a column, and from
one column to another [62]. Furthermore, a 2-D map en-
codes a richer and more flexible description of similarity,
in which a feature has several neighbors. In particular, each
neural oscillator has four nearest neighbors with a distance
d conventionally assumed equal to 1, and four neighbors
with a distance d = /2. By contrast, in the previous paper
[61], we used a monodimensional chain in which each os-
cillator has just two nearest neighbors.

2) The interarea connections, which reflect previous knowl-
edge, are not assigned a priori as in the former paper, but
are subjected to synaptic plasticity. The adopted learning
rule is a modified Hebbian rule according to spike-timing-
dependent synaptic plasticity: in order to have potentia-
tion, the presynaptic activity must occur in a short-tem-
poral window (10 ms) before the postsynaptic activity [24].
As a consequence, objects can be memorized in the net-
work with different synaptic weights, to mimic the pres-
ence in memory of more or less familiar objects, or of ob-
jects with different attentive and emotional impact. Fur-
thermore, synapses may be asymmetrical.

3) In order to recognize or reject objects, we developed a
simple “decision network,” which works downstream of
the network of oscillators. This further layer verifies a cer-

IN'within the area) and with other oscillators in different areas via excitatory interarea synapses (arrows

among areas). Gl represents

tain number of requirements for the oscillator network ac-
tivity and provides an output signal that automatically in-
dicates the correct or missed detection of each object.

In the following, the general structure of the network will
be first presented. Subsequently, we will focus on the learning
procedure adopted to train the modifiable synapses. Finally, the
downstream decision network will be described and justified.
Simulation results with incomplete, modified, and correlated
objects are presented and discussed to point out the network ca-
pabilities and limitations.

Il. METHOD

A. The Bidimensional Network of Oscillators

We assume that the model is composed of N neural oscilla-
tors, subdivided into L distinct cortical areas (see Fig. 1). Each
area in the model is composed of M; x M, oscillators. Hence,
the total number of oscillators is N = L - M; - M. Each oscil-
lator may be silent, if it does not receive enough excitation, or
may oscillate in the y-frequency band, if excited by a sufficient
input.

Each area is devoted to the representation of a specific at-
tribute or feature of the object, according to a topological organ-
ization. This means that two proximal neural groups in the area
signal the presence of two similar values, while distant groups
signal the presence of different values. One object is represented
as the collection of L features (one feature per each area). We
assume that each attribute is not immediately present in the sen-
sory input, but it has been extracted from a previous processing
stage in the neocortex.

Neural groups within the same area are connected via lat-
eral excitatory and inhibitory synapses. These lateral connec-
tions are organized according to a classical “Mexican hat” dis-
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Fig. 2. Structure of the single oscillator and its synaptic connections. Symbol —» represents excitatory connections, while symbol — represents inhibitory

connections. The dashed lines indicate synapses to and from other oscillators within the network.
: strength of the connections between the two populations; : external stimulation;
IN excitatory and inhibitory lateral synapses among oscillators inside the same area. Note that the lateral excitatory synapses
connect the excitatory units of two oscillators, while the lateral inhibitory links occur from the excitatory to the inhibitory populations.

population; and

of the global inhibitor; =X and

: activity of the excitatory population; : activity of the inhibitory
: random noise superimposed over external input; : activity

: long-range synapses

among oscillators belonging to different areas. These interarea synapses link the excitatory unit of one oscillator to the excitatory and inhibitory units of another

oscillator in a different area.

position: a neuron excites (and is excited by) its proximal neu-
rons in the area, whereas it inhibits (and is inhibited by) more
distal neurons, through the presence of inhibitory interneurons.
Such a lateral disposition of synapses is not subject to learning.
Furthermore, neural groups belonging to different areas can be
connected via excitatory synapses. These synapses are initially
equal to zero, but may assume a positive value during a learning
phase, to memorize a “prior knowledge” on attributes occurring
together in the past during the presentation of objects.

In the following, each area will be denoted with the symbol
Il (l=1,2,...,L) and each oscillator with the subscripts 7j or
hk (i,h =1,2,...,My;j,k =1,2,..., M>). Inthis study, we
adopted an exemplary network with four areas (I = 4) and 400
neural groups per area (M; = M, = 20).

As already described in our previous works [50], [51], each
single oscillator consists of a feedback connection between an
excitatory unit z;; and an inhibitory unit y;; (see Fig. 2), while
the output of the network is the activity of all excitatory units.
The time derivatives are

d

)= =20+ H (55(0= i (0)+ B 1)

+1L-j+wj(t)—%—z<t>) (1)

St = — s 0) 4 H (o 15(8) — ) + T (t) @)

where H () represents a sigmoidal activation function defined as

1
H() = W~ 3
The other parameters in (1) and (2) have the following
meaning: « and (3 are positive parameters, defining the cou-
pling from the excitatory to the inhibitory unit, and from the
inhibitory to the excitatory unit of the same neural group,
respectively. In particular, « significantly influences the am-
plitude of oscillations. Parameter - is the reciprocal of a time

constant and affects the oscillation frequency. The self-exci-
tation of wx;; is set to 1, to establish a scale for the synaptic
weights. Similarly, the time constant of z;; is set to 1, and it
represents a scale for time ¢. ¢, and ¢, are offset terms for
the sigmoidal functions in the excitatory and inhibitory units.
I;; represents an external stimulus for the oscillator in position
ij, while v;; represents random noise. E;; and J;; represent
coupling terms from all other oscillators in the network. z(%)
represents the activity of a global inhibitor. This is described
with the following algebraic equation (see [50] and [51] for
more details):

[sign (ZZ.TU — 62> +1

z= 5 . 4)

According to (4), the global inhibitor computes the overall ex-
citatory activity in the network, and sends back an inhibitory
signal (z = 1) when this activity overcomes a given threshold
(say 6.). Its role is to ensure separation among the objects simul-
taneously present. In particular, the inhibitory signal prevents a
subsequent object to pop up as long as a previous object is still
active.

Each neuron receives fixed (i.e., not modifiable) excitatory
and inhibitory synapses from other neurons in the same area. In
the following, these synapses will be denoted with the symbols
Li75, and LY, ., respectively, where ij denotes the position
of the postsynaptic (target) neuron, and A& denotes the position
of the presynaptic neuron, both in the same area. We assume
that the excitatory lateral synapses go from the presynaptic ex-
citatory unit at position Ak to the postsynaptic excitatory unit
at position 3. By contrast, the inhibitory synapses go from the
presynaptic excitatory unit at position hk to the postsynaptic
inhibitory unit at position 75. Hence, according to physiological
knowledge [20], inhibitory links are realized by means of in-
hibitory interneurons.
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Fig. 3. Intra-area connections: weights of the synapses linking oscillator in po-
sition  with the surrounding oscillators in the same area.

Moreover, a neuron group at position 45 can also receive a
long-range excitatory synapse from a neural group located in
a different area. These synapses, named W;; 51, link a presy-
naptic excitatory unit at position hk, to both the excitatory and
inhibitory units at position 45 in another area. Moreover, we as-
sume that long-range synapses to excitatory and inhibitory units
are identical (i.e., we used the same learning rule for both). This
corresponds to a parsimony principle. A more complex choice,
using different learning rules for long-range excitatory and in-
hibitory synapses, may be attempted in future works. We did
not introduce any delay in the present connections. The effect
of delay may also be analyzed in future studies.

As described above, in the present model, we do not use di-
rect connections from presynaptic inhibitory units in one neural
group to postsynaptic excitatory units in another neural group,
i.e., we assume that connections originating from interneurons
are always confined within their neural group. Actually, in
the Wilson—-Cowan equations, a single oscillator represents
the average activity in a population of proximal neurons and,
according to physiology, interneurons can make synapses
only to their neighbors. Hence, the only physiological way to
simulate a long-distance inhibition is to send a connection from
an excitatory unit at position Ak to the inhibitory interneurons
at different position ;.

The existence of long-range synapses from excitatory units to
distal inhibitory interneurons (either in the same area or among
different areas in our model) is important to favor a fast synchro-
nization between the corresponding neural groups (see our orig-
inal paper [50] for a mathematical analysis in the state plane).

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 20, NO. 2, FEBRUARY 2009

This kind of connectivity is supported by recent experimental
and theoretical studies at least in sensory cortices [63]. In par-
ticular, recent models suggest that this “far inhibition” is not
always suppressive but may facilitate the response, depending
on the amount of excitatory input to local inhibitors [64].

According to the previous statements, the coupling terms £;;
and .J;; in (1) and (2) are computed as follows:

Eij =YY Wijnk-zne+ > L -am (5
h k h k

Jij = Z Z Wijhk - Thi + Z ZL%\:M - zhr.  (6)
h k h k

All terms W;; nr, linking neurons ¢j and hk in the same area,
are set to zero. Similarly, we set to zero all terms Lgﬁk and
LY, in which neurons ij and hk belong to different areas.

The Mexican hat disposition for the intra-area connections
(see Fig. 3) has been realized as the difference of two Gaussian
functions, with excitation stronger but narrower than inhibition.
Hence, see equation (7) and (8) at the bottom of the page,
where LEX and L{N are constant parameters, which establish
the strength of lateral (excitatory and inhibitory) synapses, and
oex and oj, determine the extension of these synapses.

B. Training of Interarea Synapses

Synapses linking neural groups in different areas are trained
in order to store and recover objects. In the following, an object
will be represented with the notation:

Obj = [’L.17j1 i2,j2 137,73 i47j4]

where 4; and j; represent the position of the neuron signaling
the Ith attribute (I = 1,2, ..., L, with L. = 4 in our examples).

We distinguish a learning phase, in which interarea synapses
are modified, from a recall phase in which connection strength
does not change. We assume that these interarea synapses are
initially set to zero, and that they are increased on the basis of
the correlation between the activity of the presynaptic and post-
synaptic neurons (time-dependent Hebbian learning).

During the learning phase, each object is presented separately
from the others. This means that L neural groups (one per each
area) receive an input I;; different from zero. The input must
be high enough to induce oscillation in the same group, but the
four inputs can also be different, causing neurons to oscillate
with a different frequency. The input to all other groups is set
to zero. However, as a consequence of lateral intra-area con-
nections, neural groups close to the stimulated one are also ex-
cited and start to oscillate, thus forming an activation bubble.
The width of the activation bubble depends on parameters de-
scribing lateral intra-area synapses [(7) and (8)].

JEX _ { LEX=[(=m+G=0)/20%) " if 5 and hk are in the same area )
ihk 0, otherwise

N { LN~ [6=m+G=R7]/Co8) - if 45 and Ak are in the same area ®)
ok 0, otherwise
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Fig. 4. Learning phase: instantaneous activity (solid black line) and moving averaged activity (dashed gray line) of four oscillators representing the exact attributes
of an object, during the training of the interarea synapses. Oscillators receive external input 0.8 (attribute 1 and 4), 0.7 (attribute 2), and 0.6 (attribute 3) and are
affected by a random noise term. Initially, the first and the fourth attributes oscillate with a higher frequency than the other two; then, rapidly the four oscillators
synchronize due to the formation of interarea synapses. These interarea synapses are created according to a Hebbian rule, thanks to the partial temporal superim-
position of the moving average presynaptic signals with the instantaneous activity of the postsynaptic neuron.

A fundamental problem of the learning phase is that the L
“activation bubbles” are initially out of phase, due to the ab-
sence of any interarea connection among them (see Fig. 4). Asa
consequence, a simple Hebbian rule based on the instantaneous
activity of the presynaptic and postsynaptic groups cannot work.

Recent experimental data, however, suggest that synaptic po-
tentiation occurs if the presynaptic inputs precede postsynaptic
activity by 10 msor less [23], [24]. Hence, in our learning phase,
we assumed that the Hebbian rule depends on the present value
of postsynaptic activity z;;(¢) and on the moving average of the
presynaptic activity (say m(t)) computed during the previous
10 ms. We define a moving average signal, reflecting the average
activity during the previous 10 ms, as follows:

N;—1
Z SE;Lk(t — mTC)

m=0
N,

where T, is the sampling time (in milliseconds), and Ny is the
number of samples contained within 10 ms (i.e., Ns = 10/T¢).
The synapses linking two neurons (say 75 and hk) are then mod-
ified as follows during the learning phase:

AW;ink(t +Te) = Wijni(t) + Bijnk - ©ij(t) - mur(t) (10)

©)

m;,,k(t) =

where (3;; ni represents a learning factor.

In order to assign a value for the learning factor 5;; %, in
our model, we assumed that interarea synapses cannot over-
come a maximum saturation value. This is realized assuming
that the learning factor is progressively reduced to zero when the
synapse approaches its maximum saturation. Furthermore, neu-
rons belonging to the same area cannot be linked by a long-range
synapse. The expression for g;; ri is given in (11) shown at the
bottom of the page, where W, is the maximum value allowed
for any synapse, and B Wi, is the maximum learning factor
(i.e., the learning factor when the synapse is zero).

Equations (10) and (11) require a few comments. First, the
synapses are modified according to the Hebb rule only if the
presynaptic and postsynaptic neurons belong to different areas.
Second, according to (10), the array of interarea synapses
can be asymmetrical. Third, (11) implies that each synapse
approximately increases according to a sigmoidal relationship,
with upper saturation Wi,,... The slope of this sigmoidal rela-
tionship (hence the increasing rate) is determined by parameter
Bo-

The strength of the synapse W;; s at the end of the presen-
tation of one object depends on two factors: parameter 3, and
the duration of the period along which the object is presented to
the network. The longer is this period, the higher is the value of
synapses, and the strength of memorization.

Bijhk = {ﬂo (Winax — Wijnk) ,
ij,hk 07

if 45 and hk belong to different areas

otherwise (11)
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Fig. 5. Learning of object 1 and interarea synapses. The four
exact attributes of are codified by the oscillators in positions

. The figure shows the values of the synapses
linking oscillator with oscillators in the other areas at the end of the
learning process of . In particular, the figure displays the array 55 1%
(representing the interarea synapses directed to oscillators ) by means of
a 3-D graph: the  -plane represents the coordinate within the network,
and the height of the pixel in position represents the value of the synapse
linking oscillator  with oscillator . Note that the oscillator receives
the strongest synapses from the oscillators in the other areas signalling the
exact attributes (that is oscillators ) and weaker synapses
from the other oscillators within the activation bubbles.

Parameter (3, is assumed to be the same for all synapses at
a given instant. However, this parameter can be modified from
one object to the next during the learning phase. In this way, the
model can account for objects with a different relevance (for
instance, for the effect of attention, emotion, expectation, and
for all other factors that may affect storage).

In this work, we did not use a decay term in the Hebbian rule.
This may improve the biological plausibility of the model and
could be introduced in future versions.

An example of the training phase is shown in Fig. 4, where
the temporal activity of the four central neurons (i.e., the neu-
rons that signal the exact attributes) is presented. In that figure,
we display also the “moving average signal” [i.e., the quantity
mpr(t) in (9)] for the four neurons. The neurons received the
input values 0.8, 0.7, 0.6, and 0.8, respectively; hence, the first
and the last initially oscillate with higher frequency than the
other two. However, as it is clear from Fig. 4, the activities of
the four neurons rapidly synchronize, due to the formation of
interarea synapses among them.

An example of the synapses linking the neuron 5, 5 in object
1 (Obj1 = [5,5 5,35 35,35 35, 5]) with all the other neurons
in the network after the learning phase is present in Fig. 5 (in
particular, this figure shows the values of the array Wss 5, with
h=1,2,...,40; k = 1,2,...,40; i.e., it represents the inter-
area synapses which target into the neuron 5, 5). As it is clear
from this figure, after the learning phase, the neuron receives
synapses from the other neurons in the same object (i.e., from
neurons 5, 35 35, 35 35, 5) and, although with smaller strength,
from the other neurons in activation bubbles.

After the learning phase, the network can be used to detect
and reconstruct objects, even in the presence of lacking or mod-
ified information.

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 20, NO. 2, FEBRUARY 2009

C. The Decision Network

In our network, object recognition is considered well done
if the L neural oscillators that signal the attributes of the object
oscillate in synchrony, and with a different phase from attributes
of different objects (this means that the network produces four
synchronous activation bubbles, located in the correct positions).
In previous works, the success or failure of the network in rec-
ognizing objects was simply decided by the user, looking at the
temporal pattern of network activity. A new aspect of the present
model is that we designed a “decision network,” located down-
stream the network of Wilson—-Cowan oscillators, with the task
of producing a “true” output only during the correct detection of
an object.

In order to detect an object, this decision network must verify
the following requirements. 1) There is an “activation bubble” in
any area. To this end, the network verifies that the number of ac-
tive oscillators in any area, at a given instant, overcomes a first
threshold, assuming that a single bubble is composed at least of
a minimum number of coactive units. 2) Any area must produce
justasingle activation bubble at a given instant. In order to check
this requirement, the network verifies that the number of active
oscillators within an area, at a given instant, does not overcome a
secondthreshold, assuming that two simultaneous activation bub-
bles (or a single bubble with excessive width) would produce too
muchactivity inthearea. Of course, the second threshold is higher
than the first. 3) The conditions 1) and 2) must be verified along a
certaintime interval to ensure the continuity of object perception.

The previous requirements are detected by the network illus-
trated in Fig. 6, which corresponds to the following:

1) first layer of binary neurons compares the activity of all
oscillators z;;(¢) with a threshold, to detect only those os-
cillators that are sufficiently active at a given instant. By
denoting with z};(¢) the activity of a neuron in this net-
work, located at position i3, we have

_ [sign(z;;(t) — 0,) + 1].
2

(1) 12)
According to (12), neurons of this layer are binary in type,
producing output 0 or 1 depending on whether the activity
in the corresponding oscillator is below or above 6.

2) L downstream inhibitory binary neurons (one per area)
control whether the number of active oscillators in that area
at a given instant is above a maximum tolerated threshold
(say fmax ). By denoting with 4; the output of these neurons
(l=1,2,...,L), we have

Silt) =Y Y whi()
i g
with 75 belonging to the areal (13)

_ [sign (S1(t) — Omax) + 1]. (14)

ir(t) 5

According to (13) and (14), the output ¢; of the neuron is
set to 1 when the activity in that area is too high (this is the
case of two simultaneous activation bubbles in that area, or
of an activation bubble too large). Otherwise, its activity is
zero. The activity of this neuron is used to inhibit object
detection [see point 3)].
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Fig. 6. Schematic diagram of the decision network. The white circles represent binary neurons, which produce output 0 or 1 depending on whether the input
is below or above the given threshold (indicated by ). The activity of all oscillators within each cortical area is given as input to a layer of binary neurons and
compared with a threshold .. to detect those oscillators that are active at any instant. The overall number of active oscillators within each area is compared with two
thresholds ( min @Nd  max, With  in max ), Dy means of two binary neurons, labeled as excitatory and inhibitory neuron, respectively. The inhibitory
neuron inhibits the excitatory neuron; therefore, the output ; of the excitatory neuron assumes value 1 only if the number of active oscillators in the corresponding

area lies between i, and ,.... The downstream portion of the network compares the sum of all the excitatory neurons with a threshold ... ,to

detect whether

3) Other L excitatory binary neurons (one per area) verify
whether the number of active oscillators in that area at a
given instant is not too low (i.e., it is above a given min-
imum threshold, say 6.,;,). However, this neuron is inhib-
ited by the activity ¢; of the inhibitory neuron [see (14)].
By denoting with ¢; (I = 1,2,..., L) the activity of these
neurons, we have

[sign (Si(t) —

el(t) = 5 o) 1) _

il(t)

where the quantity S;(¢) has the same meaning as in (13).
In conclusion, the binary quantity e;(¢) signals that there is
one and only one property in that area

4) Finally, a downstream decision neuron scrutinizes whether
the network exhibits L attributes simultaneously to detect
an acceptable object. Moreover, we require that these at-
tributes are maintained for a certain time interval. In order
to achieve these requirements, this decision neuron com-
putes the sum of all excitatory neurons (e;(t)), compares
this sum with a threshold 6., = L — 0.5 (to detect that
L attributes are present), and integrates the signal thus ob-
tained. We can write

(15)

) sign (3 ent) — ) +1

(16)

an)

attributes are simultaneously present within the network; then, the obtained signal
maintained for a certain time interval. The integrator is reset as soon as the signal

is integrated in order to verify that the  attributes are

is switched off.

The symbol ¢..s¢ in (17) designates the previous instant in
which the integrator has been reset to zero. We decided that
the reset occurs as soon as the signal r(¢) is switched off (i.e.,
the signal () is used both as the input to the integrator and
as a reset signal to start integration again). According to (17),
the output signal starts to increase as soon as L attributes are
simultaneously detected. The longer the time is during which
these attributes keep on together, the higher is the value reached
by out(¢). A high value of out(¢) (for instance, above 6; see
Section I11) signifies that the object is perceived with good reli-
ability.

The parameter values are reported in Table I. A justification
for the parameters concerning the Wilson—-Cowan oscillators
can be found in previous works [50]. Lateral intra-area connec-
tions were given to ensure network stability, and to have an ac-
tivation bubble that spreads for a few units around the central
oscillator. The value of 3, in the Hebb rule was given to have
learning periods of the order of 1 5. Wi,.x Was assigned to en-
sure a strong synchronization among two interconnected bub-
bles in case of maximal synapses. Finally, parameters of the de-
cision network were given on an empirical basis, by considering
the dimension of the bubbles, in order to maximize the perfor-
mance of the detector.

D. Simulations

We have performed different kinds of simulations to test the
limits and capabilities of the model. In the first simulations, we
tested the capability of the model to reconstruct and recognize
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TABLE |
VALUES FOR PARAMETERS

Wilson-Cowan oscillators

a 0.3
B 2.5
y 0.5
T 0.025
@ 0.7
oy 0.15
02 1.9
Lateral intra-area connections
LEX 9
O,y 0.8
Ly 3
0; 35

in

Hebbian rule for inter-area synapses

Bo 0.033
Wonax 1
Decision network
Ox 0.2
Omin 3
Omax 11
Bout 3.5
Gaussian noise
o 0.02
Object attributes
Objl1 [5,5 535 3535 35,5]
0bj2 [15,15 15,25 25,25 25,15]
Oobj3 [15,5 15,35 25,35 25,5]
Obj4 [5,15 525 35,25 35,15]

multiple objects starting from partial information, both in case
of strong and weak memorization of objects. To this end, we
stimulated the network with several objects simultaneously, but
assigning a different number of properties (from 1 to 4) to each
object. Furthermore, we repeated the simulations with different
values of the parameter ~, which establishes the frequency of
oscillations.

In another set of simulations, we introduced a Gaussian white
noise term both in the learning phase and during the recall phase.
In these simulations, network started from a random initial con-
dition, and we repeated every simulations tenfold to perform a
statistical analysis.

In a subsequent set of tests, we tested model capacity to recog-
nize objects also in presence of some changes in the input prop-
erties (i.e., we assumed that objects were modified compared
with those used in the learning phase). Further simulations ana-
lyze the capability of the network to reconstruct and recognize a
different number of objects (from 1 to 4), correlated objects (i.e.,
objects sharing some properties), and objects with different dis-
tances among their properties in the topological space.
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I1l. RESULTS

A. Simulations With Incomplete Objects

The network was trained with three objects (hamed
Obj1,0bj2, and ODbj3), represented by the fol-
lowing properties: Objl = [5,5 5,35 35,35 35,5],
Obj2 = [15,15 15,25 25,25 25,15], and Obj3 = [15,5
15,35 25,35 25,5]. Two different training sessions were
performed, starting with null interarea synapses. In the first, the
three objects were separately presented for 1600 ms (Obj1),
1400 ms (Obj2), and 1100 ms (Obj3), while we used the
same value of parameter 3, for all objects. With these values,
synapses linking attributes of the first and second objects are
stronger than the synapses in the last one: however, all objects
have strong memorization and can be reconstructed starting
from two attributes only. In a second training session, duration
of the learning phase was 1300 ms for the first object, 1100 ms
for the second, and 800 ms for the third. As a consequence, the
third object is stored more weakly than the others, and requires
at least three attributes to be correctly reconstructed. Objects 1
and 2 require just two attributes.

Table 1l summarizes the results of 17 simulations performed
with the model, first using strong memorization and then
weaker memorization (see the legend for explanations). Re-
sults can be described as follows. 1) In simple conditions (for
instance, when all objects have strong memorization and most
features are present in input), segmentation can be achieved
with v = 0.5 (which corresponds to an oscillation frequency
as high as 55 Hz). However, when segmentation becomes
more difficult (for instance, in case of weaker memorization
and/or with a smaller number of input features), the value of
~ must be reduced to 0.4 or 0.3 (i.e., the frequency is reduced
to 40-45 Hz). 2) In case of strong memorization, the three
objects can be correctly segmented and reconstructed, provided
that at least two of their attributes are given to the network. If
only one attribute is assigned to one object, the object cannot
be reconstructed, but the remaining objects can be correctly
segmented as well. Only in two cases the correct reconstruction
requires a lower value of + (equal or less than 0.4, trials 11 and
15). 3) In case of weaker memorization, the network can still
segment and memorize objects, provided at least two attributes
are given for Obj1 and Obj2, and three attributes are given to
Obj3: however, in several cases, the value of parameter v must
be decreased down to 0.3 to obtain a correct segmentation.
4) The downstream decision network provides a high output
only when all four attributes of the object are simultaneously
recollected (i.e., the corresponding neural groups oscillate in
synchrony). In conditions where the four attributes are not
retrieved, the output of the decision network remains at a low
level, thus signaling that the object is not recognized.

In order to clarify the previous points, Fig. 7 displays some
snapshots of the network behavior at particular instants of the
simulations (upper panels), and the output of the downstream
decision network (bottom panel), in an exemplary case: trial 8
in Table 11, when four attributes were given to the network for
objects 2 and 3, and the first object received just one property.
It is worth noting that, in the snapshots, each attribute is repre-
sented by the excitation of an “activation bubble,” characterized
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TABLE I
RESULTS OF 17 DIFFERENT SIMULATIONS PERFORMED BY STIMULATING THE NETWORK WITH THREE OBJECTS SIMULTANEOUSLY BUT ASSIGNING A DIFFERENT
NUMBER OF PROPERTIES (FROM 1 TO 4) TO EACH OBJECT. OBJECTS RECEIVED TWO DIFFERENT PREVIOUS MEMORIZATIONS: A STRONG MEMORIZATION

(LEARNING TIME: 1600 ms; 1400 ms;

1100 ms) AND A WEAK MEMORIZATION (
ms). IN BOTH CASES, TWO INPUT PROPERTIES ARE SUFFICIENT FOR THE RECONSTRUCTION OF

1300 ms;
, WHEREAS

1100 ms; 800

AND NEEDS TWO PROPERTIES IN

THE FIRST CASE AND THREE PROPERTIES IN THE SECOND CASE. THE NUMBER OF INPUT FEATURES FOR EACH OBJECT IS SPECIFIED IN THE SECOND COLUMN.

THE THIRD COLUMN DESCRIBES WHETHER THE OBJECT IS RECONSTRUCTED (YES) OR NOT (NO). THE FOURTH COLUMN SIGNALS THE VALUES OF
ALLOW A CORRECT SEGMENTATION (THE CASES WHICH REQUIRE A TIME, SAY
IN TRIALS 8 AND 17 (STRONG AND WEAK MEMORIZATION) AND

NOTE THAT

THAT
, LONGER THAN 150 MS TO ACHIEVE SEGMENTATION ARE ALSO INDICATED).
IN TRIALS 5, 12, AND 13 (WEAK MEMORIZATION) ARE NOT

RECONSTRUCTED: THESE RESULTS ARE CORRECT SINCE THESE OBJECTS RECEIVED TOO FEW ATTRIBUTES WITH RESPECT TO THEIR MEMORIZATION

STRONG

WEAK

TRIALS INPUTS Y
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Obj1 : Obj2 : Obj3 | Obj1 : Obj2 | Obj3
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-
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Obj1 : Obj2 : Obj3
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by the central excited neuron surrounded by a group of prox-
imal active ones. In Fig. 7, we can see that the network, after an
initial transient period, is able to correctly reconstruct and seg-
ment objects 2 and 3, but it is not able to reconstruct object 1
(in fact, a single attribute is not enough to reconstruct this ob-
ject). During the oscillatory phase of object 1, only a single “ac-
tivation bubble” is excited. Output of the downstream decision
network reaches a high level (as high as 6) during the correct
reconstruction of objects 2 and 3, but it remains at zero during
the oscillatory phase of object 1.

B. Simulations With Gaussian Noise

The previous simulations, in case of strong memorization,
were repeated starting from random initial conditions and
adding Gaussian white noise (zero mean value, standard devi-
ation 0.02) to all neurons both during the training section and
during the subsequent simulations. We repeated every simula-
tion tenfold to perform a statistical analysis, and all simulations
were repeated for different values of -y. Results are reported in
Table 111 and can be summarized as follows. 1) The presence of
noise makes objects recognition more difficult. In some cases,
the percentage of success decreases to 60% and the value of ~
must be decreased to 0.3. 2) It is more difficult to find a clear
relationship between the value of +, which warrants the better
performance and the complexity of the task.

Fig. 8 displays some snapshots of the network behavior at par-
ticular instants of the simulations (upper panels), and the output
of the downstream decision network (bottom panel), in an exem-
plary case: trial 1 in Table 111, when four attributes were given
to the network for every object.

In Fig. 8, the network starts from a random condition and after
an initial transient period it is able to correctly reconstruct and
segment all the three objects. This is clearly evident in the output
of the decision network, which always reaches a level higher
than 7 in correspondence of a correct object reconstruction.

Finally, we repeated all simulations by using noise only
during the reconstruction phase, but not during training phase.
In these conditions, the network exhibits a percentage of suc-
cess comparable to that of Table Il. Hence, we can conclude
that noise has a detrimental effect only if applied during the
learning period.

C. Simulations With Modified Objects

Table IV shows the results of 30 different simulations (strong
memorization) performed both with some lacking features and
some features changed compared with the “exact” value (dis-
tance d = 1).

The results can be summarized as follows. 1) In most cases,
the three objects can be correctly segmented and reconstructed,
also in presence of lacking and modified attributes. However, in
some cases (for instance, in all difficult conditions at the bottom
of the table), the correct segmentation requires a value of v as
low as 0.3. 2) When one object in the network is stimulated
with one “exact” plus one modified feature, its reconstruction
succeeds only in some cases (see trials 20-23 in Table 1V). In
the other cases (see trials 17-19), the object cannot be recon-
structed, whereas the remaining two objects can be segmented.
3) In trials 24 and 25, there are two simultaneous objects with
one exact and one modified feature. In these conditions, neither
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Fig. 7. (a) Network activity at different snapshots during a simulation with incomplete objects. Each pixel represents an oscillator. The emerging height is propor-
tional to the corresponding oscillator’s activity ;. The represented simulation refers to trial 8 in Table 11: object 1 receives only one input property, while objects
2 and 3 receive all properties. The external input for the stimulated properties is equal to 0.8. The network is able to reconstruct objects 2 and 3, whereas object 1
is not reconstructed (only the bubble corresponding to the stimulated property emerges). (b) Output of the decision network. During the initial transient (when no
object reconstruction occurs), the output of the decision network remains at zero, then it reaches a value equal or grater than 6 during the correct reconstruction of
object 2 and 3, whereas it remains at zero during the missed reconstruction of object 1. The number at the top indicates which object is recognized; the asterisks

correspond to the snapshots of (a) where object recognition occurs.

of them can be reconstructed. 4) The downstream decision net-
work provides a high output only when four attributes of the
object are simultaneously recollected (i.e., the corresponding
neural groups oscillate in synchrony). However, in case of mod-
ified objects, this output is generally as low as 3—4. By contrast,
in the reconstruction of objects without modifications, output of
the decision network is always higher than 6. Hence, this output
not only signals object reconstruction, but can be considered an
index of object reliability, compared with previous experience.

Finally, we repeated these trials also increasing the distance
in the modified objects (i.e., using d = /2); in this case, the
network has the capability to reconstruct objects only in simple
cases (i.e., all the three objects needed that at least three of their
“exact” attributes are given to the network).

D. Simulations With Different Number of Objects

The network performance was tested by changing the number
of objects simultaneously given as input.

First, we performed several trials (not shown for briefness)
using only one or two objects as input, with either strong
or weak memorization. In these simple cases, segmentation
can always be achieved with v+ = 0.5. The cases with three
objects were illustrated above (Table I1). Then, the network was
trained with one more object (named Obj4), represented by the
following properties: Obj4 = [5,15 5,25 35,25 35,15] and
trained for 900 ms. As in the previous example, the first three
objects have strong memorization and can be reconstructed
starting from only two attributes, whereas the last object has
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